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ABSTRACT 
HYPERSPECTRAL TOMOGRAPHIC FTIR IMAGING USING TWO 
ILLUMINATION GEOMETRIES FOR POLYMER PHANTOMS 
 
by 
 
Zahrasadat Alavi 
 
 
The University of Wisconsin-Milwaukee, 2015 
Under the Supervision of Professor Carol J. Hirschmugl 
 
 
The purpose of this dissertation is to carry out non-destructive 3D imaging by applying 
Fourier Transform Infrared (FTIR) spectro-microtomographic techniques, and develop 
corresponding methods of data analysis. This is done by collecting 3D synchrotron-based 
and lab-based (Thermal) FTIR hyper spectral data at the Synchrotron Radiation Center 
(SRC) for the first time. Despite other 2D imaging techniques, this does not manipulate 
the sample, and suppresses the need to microtome 3D biological, material or biomedical 
samples into slices to study by spectroscopic imaging techniques. Spectro-micro-
tomography is applicable for scientific, industrial, energy, biomedical samples such as 
stem cell characterization and materials such as polymers. Tomographic reconstruction 
methods are employed to the data to investigate the chemical and morphological 
localization, and obtain the average spectra of regions of interest as well as spectra for 
every voxel.  
It is assumed that the thermal light has cone geometry, and the data collected needs cone 
beam reconstruction, whereas the data collected using synchrotron light requires parallel 
beam reconstruction, since the beam waist created by the focus at IR wavelengths of the 
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synchrotron 12 beams can be approximated well by a parallel beam. While bright 
synchrotron light provides us with higher SNR data, the capability of  doing FTIR 
spectro-micro-tomographic techniques using thermal light, processing and analyzing it is 
of  a high significance since thermal sources are more readily available. In this study the 
cone beam reconstruction is implemented and evaluated by applying them to the 
phantoms such as centered and off-center Polystyrene beads, and samples of mixed-
polymers. The results of the cone beam reconstruction show that the cone beam 
reconstruction does not improve the quality of the reconstruction, and the parallel beam 
reconstruction is still better. The cone beam is not capable of modelling the optical 
system of our imaging environment, and the half cone beam angle size is small enough to 
be considered as parallel beam. Furthermore, the application of the cone beam is limited 
to the size of the sample. 
For further analysis of the 3D reconstructed volumes of the samples, specific signal 
processing tools are required. The deconvolution algorithm is applied to the 2D 
projections at all the wavelengths before the reconstruction to increase the image contrast 
and spectral fidelity, deblur the projections, and finally increase the contrast of the 3D 
images.  
Segmentation methods will be implemented for defining the regions of interest in the 3D 
structures; this will be used for average spectrum computation as a necessary tool of 
spectral analysis. The techniques developed here employ thresholding and kmeans 
clustering are capable of calculating the average spectra of the components found in the 
data as well as their corresponding renderings.  
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1. CHAPTER 1 
INTRODUCTION AND BACKGROUND  
1.1. Organization of the dissertation   
To describe this work, the dissertation has been divided into seven chapters, 
including this introductory chapter. The organization of the dissertation is as follows: 
Chapter 1 introduces the motivation of the dissertation, the background information and 
the materials studied. Chapter 2 discusses the experimental techniques used in this work 
to identify the depth of focus. Chapter 3 discusses both synchrotron and thermal based 
micro-spectro-tomographic experiments and techniques on centered PS bead, and the 
morphology found by it. Chapter 4 discusses the tomographic reconstructions of both the 
synchrotron and thermal based off center bead. Chapter 5 explores the quality and SNR 
of 2D raw and deconvolved mixed polymers data and the morphology of the 3D 
reconstructed data. In chapter 6 different techniques of developing ROIs by means of 
clustering with the purpose of calculating the corresponding average spectrum will be 
discussed. In chapter 7 a summary and conclusion of the dissertation is presented and the 
future directions are addressed. A more detailed introduction to each of the chapters is as 
the following: 
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Chapter 2:  
Objective: Finding the depth of focus; how far from the plane or axis of rotation can the 
sample be to be resolved properly? 
Hypothesis: It is desired to place a thin microscopic sample in the best height along the 
z-axis so that our tomography set up can provide us with the most resolved images by 
running specific experiments.  
Approach: The field of view for tomographic imaging has been found by running 
experiments at the beam line at IRENI. Another experiment will be run to investigate the 
depth of focus. This will be done by moving the PS bead sample along the z-axis in the 
field of view and carrying out 2D FTIR Spectroscopy measurements at each of the 
positions along the z-axis. The obtained hyper spectral data will be different at those 
positions, and the images that are in focus for range of depth of field will provide an 
experimental measure of the thickness of samples that can be reconstructed.  
My contribution: Running the corresponding FTIR and visible experiment and 
analyzing the results for determining the depth of focus. 
 
Chapter 3 & 4:  
Objective1: To reconstruct the centered and off-center PS beads’ 3D hyper spectral data 
for two types of illumination geometry (parallel illumination - Synchrotron and cone 
illumination - Thermal).   
Hypothesis: At present parallel illumination algorithms are being used to reconstruct 
synchrotron based data, since a defocused, “homogeneous” illumination is being used [1].  
3 
 
 
 
The synchrotron source has different characteristics than the thermal source. Thermal 
Based data requires cone illumination.   It is anticipated that small corrections such as 
weighting the projections could be found for the parallel illumination since the 
synchrotron illumination is not “Strictly” parallel illumination.   
Approach: Identical experiments using the two sources with distinct illumination 
geometries will be used as test runs, and reconstructions will reveal the differences 
between the cone and parallel illumination results. 
Objective 2: Finding the impact of deconvolution on hyper spectral tomographic data. 
Higher quality and deblurred tomographic images are desired. This algorithm will be 
used for both thermal and synchrotron data, and the results will be used for spectral 
analysis [2].  
Hypothesis: It is expected that the deconvolution algorithm will improve the quality of 
raw projection images and remove instrumental broadening.  
Approach: Deconvolution algorithm implemented in the Fourier domain will be run on 
the raw 2D projections before the reconstruction step. Wavelength dependent Point 
Spread Functions which model the broadening of the image pixels are deconvolved from 
the images [2] [3]. There are different ways to see the impact of deconvolution on our 
data. One of them is comparing the 2D projection chemical images. We will see then that 
the contrast of the images has improved and the edges look sharper. We will also extract 
and evaluate the stack of spectra at different regions of the images especially where there 
are transitions, and compare the stack of spectra of the raw data with the deconvolved 
data. Larger peaks in the spectra of the deconvolved data show the improvement. 
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Furthermore, having the spectra, Signal to Noise Ratio (SNR) can be evaluated and 
compared for both raw and deconvolved data. The increase in SNR of the data is also 
another proof of the effectiveness of the deconvolution algorithm. 
My contribution: Deconvolution has been used for processing prior 2D FTIR 
Spectroscopy imaging samples. I implemented the existing algorithm for the tomographic 
data. I employed the algorithm for preprocessing the projection images, and the 
projections were reconstructed to generate the 3D model. I also demonstrated with the PS 
bead phantoms that 2D deconvolution improves the 3D reconstructions. 
 
Chapter 5:  
Objective 1: Reconstructing the mixed polymers’ 3D hyper spectral data for different 
sources.   
Hypothesis: Synchrotron based data is collected with much higher SNR since the source 
is a higher brightness source than the thermal source. It is anticipated that SNR could 
have an impact on quality of tomographic reconstructions [1]. 
Approach: Identical experiments using the two sources will be used as test runs and 
reconstructions will reveal the impact of the source quality on the quality of the data. 
My contribution: I will run the experiments, reconstruct the synchrotron and thermal 
based 3D hyper spectral images with FIJI, meanwhile will evaluate the cone beam 
reconstruction algorithm by applying it to this data. 
Objective 2: Finding the impact of deconvolution on hyper spectral 2D and tomography 
data. Higher quality and deblurred tomographic images are desired. This algorithm will 
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be used for both thermal and synchrotron data, and the results will be used for spectral 
analysis [2].  
Hypothesis: It is expected that the deconvolution algorithm will improve the quality of 
2D and raw projection images and remove instrumental broadening.  
Approach: Deconvolution algorithm will be run on the raw 2D projections before the 
reconstruction step the same way it was run on PS beads. The impact of deconvolution on 
2D data, and on 2D projections which affects the 3D reconstructions and therefore the 
morphology of the mixed polymers will be investigated. 
My contribution: Running the corresponding deconvolution algorithm on each of the 
synchrotron and thermal based 2D images and 2D projections of the tomographic 
experiment, calculating the SNRs, and evaluating the results. Demonstrating that the 3D 
reconstructions of the thermal based deconvolved 2D PS bead data is qualitatively 
equivalent to the raw synchrotron based PS bead data. 
 
Chapter 6: 
Objective: Implementing segmentation process after reconstructing PS beads’ and Mixed 
Polymers’ IR images, to correlate the visible images with IR images, and enable 
developing regions of interest in FTIR 3D images. 
Hypothesis: Sometimes we are interested in the spectrum of a voxel, after it is selected 
among approximately 2 millions of other voxels, the ones which are of the same 
chemistry in the voxel’s neighborhood need to be identified and considered in the region 
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of interest for calculating the average spectrum. In some cases the average spectrum is 
more reliable than a single spectrum due to possible presence of noise in the data. 
Approach: Different segmentation methods will be implemented for localization 
(segmentation): 
- Segmentation based on Spectral similarity by defining a threshold for similarity. 
- Spectral clustering by applying k-means clustering based on Spectral similarity. 
- Spectral classification such as decision trees and/or Principle Component Analysis 
(PCA). 
My contribution: Implementing the codes for each of the above algorithms in Matlab 
and optimizing them in terms of requiring less memory, higher speed, and more precise 
segmentation. 
1.2. IR and FTIR Spectroscopy 
Infrared (IR) Spectroscopy is a widely used technique for spectral analysis. An 
infrared spectrum is provided by passing infrared light through a sample and measuring 
the percent of the initial radiation that is absorbed at a particular energy. When a 
molecule absorbs infrared radiation, its chemical bonds vibrate. This is the reason the 
Infrared Spectroscopy is a kind of vibration spectroscopy. There are some conditions for 
a molecule to absorb infrared light. The first one is that the molecule should be infrared 
active. Infrared active vibrations cause the bands to be seen in the IR spectrum. The 
second condition is that the energy of the light impinging on a molecule needs to be equal 
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to a vibrational energy level difference within the molecule. Otherwise the light will not 
be absorbed and will be transmitted by the sample. Like any other technique this method 
works very well for some samples. Among these samples we can name solids, liquids, 
gases and polymers. The position of the peaks, the peak intensities and widths are 
provided by the spectra which provide useful information.  
Many advances in IR Spectroscopy have been achieved by Fourier Transform 
Infrared Spectroscopy. This technique employs an interferometer and uses Fourier 
Transform process. It has improved the quality of the IR Spectra and made the data 
acquisition much faster. When the absorbance (or transmittance) intensities from all the 
spectra at a specific wavelength are put together in a matrix with the order as the data was 
collected, the chemical image at that wavelength is formed.  The absorption peaks in the 
infrared spectrum of a pixel in a sample’s chemical image, as explained above, is a 
specificity of a sample since these peaks represent the frequencies of the vibrations of the 
constituent atoms of the material; any compound has its own unique infrared spectrum 
due to unique combination of atoms [4] [5]. FTIR Spectroscopy especially provides us 
with high speed chemical imaging with focal plane array (FPA) detectors and is capable 
of revealing the variations in the intensity of images’ pixels which are mappings of 
constituent materials of samples rather than a single visible image with slight variations 
[6] [7]. Fast FTIR hyper spectral imaging makes FTIR a powerful tool for identification 
of key compounds in highly variable heterogeneous biomaterials as well as identification 
of unknown materials. This technique has applications in different research areas such as 
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material sciences, physics, chemistry and biomedical research [8] [9]. Figure 1.1 shows a 
schematic of a typical FTIR spectrometer.  
 
 
Figure 1.1 Layout of a typical FTIR spectrometer [10]. 
1.3. IRENI and Synchrotron Radiation Center 
IRENI (Infrared Environmental Imaging) is an FTIR chemical imaging beamline 
at the Synchrotron Radiation Center in Stoughton, WI. SRC is operated by the University 
of Wisconsin–Madison from 1968. SRC is a national synchrotron light source research 
facility, operating the Aladdin storage ring. This beamline extracts 320 mrads of radiation 
from a bending magnet, splits the radiation into 12 beams which is then rearranged into a 
matrix of 3×4 beams. The result is bright homogeneous synchrotron light which is sent to 
a Vertex 70 (Bruker) spectrometer and then coupled to a Hyperion 3000 (Bruker) infrared 
and visible light microscope.  SRC provides us with higher quality images, due to higher 
SNR spectral data than thermal-based results. This makes imaging much different from 
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imaging using low brightness black body (thermal) sources [1]. Brightness is the flux 
density in phase space and within a certain bandwidth of wavelength. Each pixel of the 
obtained images shows an effective area of 0.54 μm × 0.54 μm of the sample plane. 
Figure 1.2 shows the schematic of FTIR imaging with multi-beam synchrotron source. 
 
Figure 1.2 Schematic of the 12-beam synchrotron Fourier Transform IR imaging beamline at the 
Synchrotron Radiation Center. 
M1–M4 are sets of toroidal, flat, parabolic, and flat mirrors that collect and rearrange the bending 
magnet radiation [1] 
1.4. 3D visible and FTIR Spectroscopy at SRC 
Recently a novel FTIR Spectro-Micro- Tomographic imaging capability was set 
up at SRC. Fast 2D spectral data can be measured at IRENI to obtain a number of 
transmission images at different angles. By applying computed tomography methods the 
2D images at different angles of rotation are reconstructed to represent a 3D chemical 
image at each wavelength.  
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The sample is mounted on the rotating part of the stage with a magnetic holder 
which needs to be adjusted precisely in focus. Otherwise while rotating, the sample will 
move up and down from the center, going out of focus, which is not desired. The 
essential parameters of the rotation such as the step degree of the rotations and the total 
rotation degree are given to the rotor by the software called NSTRUCT installed on the 
computer coupled with the detector. The OPUS software is used to control the imaging 
parameters such as resolution, number of scans and source type. Figure 1.3 shows the 
microscope (a) and the stage set up for rotating the sample (b) at IRENI. 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1.3. 3D imaging setup at SRC 
a: Microscope setup at SRC. b: sample mounted on the holder for 3D imaging. 
a 
b 
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In this dissertation our goal is to use non-destructive three dimensional FTIR 
imaging of Polystyrene beads and mixed polymers using SRC light source for identifying 
the chemical distribution and morphology. At the end of the experiments and after using 
the obtained 2D hyper spectral data for 3D reconstruction, we will have 3D images of 
each of the polymers in a number of wavelengths which makes the hyper spectral 3D data 
out of our FTIR Spectroscopy. Therefore, after the reconstruction we can obtain a 
number of 3D images at different wavelengths; in other words we can obtain the 
spectrum of each of the voxels of our 3D images (volumes). Using this technique our four 
dimensions are x, y, z, and , where   is wavelength. Thus, our 4D data is 3D images 
with a spectral dimension. These data sets provide us with chemical characteristics and 
the 3D morphology of the sample. 
1.5. Samples being studied in this dissertation 
The first sample to be studied in this dissertation is Polystyrene (PS) beads which 
are used for 3D FTIR Spectroscopy imaging by Synchrotron and thermal source. 
Polystyrene is an aromatic polymer made of carbon and hydrogen. It is a thermoplastic 
recyclable material with different applications such as protective packaging [11]. The PS 
beads morphology is very simple, and is capable of evaluating our FTIR tomographic set 
up. It is highly important to place the sample exactly in the center so that the sample does 
not move when running the experiments. In this dissertation two different samples of PS 
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beads will be studied; one with only one bead which is in the center and another one with 
two beads connected to the holder which are off the center.  
The second samples to be studied in this dissertation are two mixed polymer 
blend films. These are Poly (3-hydroxybutyrate) (PHB)-Poly (Lactic Acid) (PLA) (50:50 
wt.%) and Poly (3-hydroxybutyrate) (PHB) -poly (ε-caprolactone) (PCL) (50:50 wt.%). 
The mentioned biodegradable polymers can be generated from renewable resources by 
means of bacterial fermentation [12], as a new type of thermoplastics. They are usually 
studied to understand the nature of mixed polymers, detect the phase separation and 
identify the miscibility of them [13] [14] [15] [16], and subsequently to advance their 
useful characteristics, remove the deleterious characteristics of the single polymers. In 
this dissertation they are studied for two different purposes. First, in our 2D analysis these 
samples provide an excellent template to compare the quality of the images and evaluate 
the capabilities of the deconvolution method under different source and initial data 
conditions, since the phase separation is highlighted via inherent contrast in chemical 
images generated from the absorption bands for the distinct polymers. Second, the 3D 
reconstructions of the mixed polymers are obtained to find the morphology and chemistry 
of them. Using the instrumentation at SRC we can study the distribution and morphology 
of the two components in each of these polymers [13]. 
In this dissertation, 3D FTIR Spectroscopic imaging of these polymers is being 
developed by using IRENI at SRC. The high SNR 3D images of the mixed polymers 
reveal more information about the morphology and phase separation of their components.  
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2. CHAPTER 2 
IDENTIFYING THE DEPTH OF FOCUS 
2.1. Introduction 
In this chapter, it is desired to run a series of experiments to find the depth of 
focus of the microscope. The following experiment was carried out to identify what 
regions of the reconstructed 3D images are completely reliable for an analysis. In a 
tomographic experiment when a sample is rotating, due to the size of the sample or setup 
of the stage, some parts of the sample might be out of focus, and the projection images 
might not be of a high quality. Although later the reconstructed model might look 
reasonable, for a more precise analysis it is always critical to know the depth of focus of 
the microscope. In this chapter, a set of experiments are designed, the results are shown, 
and analyzed to find the depth of focus. 
2.2. Methhodology 
Initially consecutive 2D images of the PS beads at different vertical distances 
from the microscope objective were collected at SRC. The bead diameter was around 
50µm which was large for identifying the depth of focus. Also the measurements were 
affected by diffraction and scattering which made its analysis difficult and not precise. 
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Therefore, a smaller sample with a smaller height was considered for this experiment. A 
MiTeGen polyimide microloop holder 10µm thick with 20µm diameter was employed 
for this experiment. The tomography stage was employed to move the sample along the Z 
axis. This setup gave us the capability to have three degrees of freedom, and move the 
sample along the Z axis.  Initially, the sample was adjusted approximately in focus and 
later was moved 65µm up and 65µm down in the Z direction using 5µm steps. At each 
position visible and IR images were recorded.  
2.3. Results and discussions 
The visible images of 26 measurements at different heights are shown in Figure 
2.1 consecutively. The images start from the one which is out of focus, gets 
approximately in focus when it is at the height of 65µm, becomes completely in focus at 
the height of 50µm and gets out of focus at the height of 35µm. Therefore, considering 
the range 40µm-65µm the depth of focus is 25µm. To justify our interpretations, IR 
images of the holder (128×128 pixels or 140×140µm
2
) are shown at two wavenumbers 
2861cm
-1 
and 1600.69cm
-1
 in Figure 2.2 and 2.3 respectively. Also, since the holder 
thickness is 10µm we approximately have 35µm of depth of focus, or where we can trust 
our measurements. Regions out of the identified depth of focus in a reconstructed volume 
still make sense, but we need to be more careful when evaluating the spectra, and the 
morphology of the sample, which means the reliable sample thickness for tomographic 
reconstructions is 35µm. 
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Figure 2.1. Visible images of a 20µm diameter, 10µm thick MiTeGen polyimide microloop holder at 
different heights of Z axis. 
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Figure 2.2. IR images of a 20µm diameter, 10µm thick polyimide microloop holder at different 
heights of Z axis at 2861cm
-1
. 
19 
 
 
 
 
 
20 
 
 
 
 
Figure 2.3. IR images of a 20µm diameter, 10µm thick polyimide microloop holder at different 
heights of Z axis at 1600.69cm
-1
. 
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3. CHAPTER 3 
CENTERED PS BEAD FTIR TOMOGRAPHIC 
RECONSTRUCTIONS - SYNCHROTRON vs. THERMAL 
3.1. Introduction 
The FTIR spectro-micro-tomography is capable of revealing the morphology and 
the chemical characteristics of microscopic samples. The tomographic FTIR experiments 
were carried out employing both synchrotron light source and thermal light source. To 
better evaluate the results it is important to utilize the proper visualization tools and 
techniques to correctly investigate the morphologies; this has been achieved in this 
chapter. Although the synchrotron based data has a higher SNR than a thermal source 
based data, synchrotron light is not always accessible and is more expensive. Therefore, 
we need to make sure the same techniques, which are applied to the synchrotron based 
data, can be applied to the thermal based data too. Different types of reconstructions to 
both data sets of the PS bead sample will be carried in this chapter, and analyzed. High 
resolution micro-tomography has been used in studying bone morphology [17].  The 
mentioned study does not employ spectral analysis, whereas we use the spectra for 
chemical identification. Helical computed micro-spectro-tomography was employed for 
finding regions of mineral compositions in heterogeneous urinary stones [18]. None of 
these methods use Schwarzchild objective. This is the first time that FTIR micro-spectro-
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tomography is being used employing Schwarzchild objective. Cone beam reconstruction 
of the FTIR micro-spectroscopic imaging data using thermal sources has not been 
developed in previous works. Cone beam reconstruction of data provided by this method 
is implemented for our specific optical system. 
3.2. Materials and methods -PS beads preparation 
The first sample prepared for the purpose of hyper spectral 3D imaging was a 
single PolyStyrene bead. Since, the structure and morphology of this sample was 
assumed to be known more than the other samples, this was initially selected as a 
phantom to investigate the differences between the reconstruction algorithms of data 
collected using synchrotron light and thermal light. 
A 20µl droplet of the solution containing beads of 32-80µm diameter was dropped on a 
glass slide. After the water had evaporated single beads were cast carefully with a small 
hook that was dipped in glue before.  
 
3.3 . Synchrotron and thermal 3D FTIR imaging of PS beads 
As Figure 2.3(b) shows the sample is mounted on a pin by casting it from a 
solution. This pin is mounted on the tomography set up by the magnetic holder. The next 
step is alignment of the sample to place it in the center to have it in focus. After aligning, 
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we take the sample with its stage out of the field of view and take a background 
measurement. The background measurement is required based on the following definition 
of the absorbance [4]: 
𝐴 =  − log
𝐼
𝐼0
 
where I is the light intensity that has gone through the sample.  𝐼0 shows the background 
measurement. For PS beads synchrotron and thermal tomographic experiments 24 scans 
is used, with the spectral resolution of 8cm
-1
. The number of scans for the background 
must be the same as the number of scans for the tomographic measurement of the sample.  
We need to provide the software with the number of scans, step size and the number of 
acquisitions. The source type, whether it is synchrotron or thermal, and the data type 
whether it is absorbance or transmittance need to be selected as well. The step angle 
degree is 1 degree, and the number of steps for the synchrotron data is 360 since the 
measurements are made within 360 degrees rotation for PS beads sample, while for the 
thermal data is 233 degrees. The tomographic experiments using thermal source have 
more limitations since they take a longer time to run; to obtain an adequate SNR a higher 
number of scans is usually employed, and this makes the experiment longer. The 
collected 2D FTIR images (projections) are128×128 pixels.  
A visible image of one of the 2D images is shown in figure 3.1.  
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Figure 3.1. Visible Image of PolyStyrene bead. 
 
The diameter of the bead is approximately 50µm.  
3.4. Identifying Baseline and integration ranges for PS bead 
Before doing the 3D reconstruction on 2D images’ data, we need to identify the 
integration and baseline correction wavenumber ranges for this sample, to integrate over 
the related peaks in the spectrum extracted from a region of interest on the sample  [4], 
[1]. This is carried out to recognize only the sample itself, rather than the sample with the 
holder in the reconstructed images. This technique is widely used in multi component 
analysis. Having samples with different constituent components, this step is necessary to 
distinguish the morphology of each of the sample components within the sample. 
This indicated the need to consider two 2D images from the synchrotron and 
thermal data in the possible closest position when trying to identify the integration 
ranges. First, one image was selected in the synchrotron data, and then the closest image 
to that was selected from the thermal data. Figure 3.2 shows the two selected images 
50µm 
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using Igor Pro Software. The chemical images in this dissertation use a reverse rainbow 
color scale (purple/red for low/high integrated intensity respectively). 
  
 
 
 
 
 
Figure 3.2. IR projection images of a: Synchrotron, and b: Thermal PolyStyrene bead at 
approximately the same positions at wavenumber 2896.66cm
-1
. 
 
The average spectrum of the region of interest shown in Figure 3.3, where here is the 
polystyrene with the spherical shape, was calculated for both hyperspectral data of the 
synchrotron and thermal 2D images, and indicated on figures 3.4 (a) and 3.4 (b) 
respectively.   
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Figure 3.3. Regions of interest selected on IR Images of a: Synchrotron and b: Thermal PolyStyrene 
bead at approximately the same position (view) of the bead. 
 
This figure indicates the peaks of the spectra; meanwhile it performs a good 
comparison between synchrotron and thermal data. As can be seen the spectra in Figure 
3.5 (b) is noisier than the synchrotron data and the SNR of the thermal data near the CH 
peak is smaller than the SNR of the synchrotron data [1]. The peak-peak signal around 
the 2950cm
-1
 peak of the synchrotron data is 0.64 AU, and the peak-peak noise is 0.015 
AU which results in a SNR of approximately 42.6. For thermal data, the peak-peak signal 
around the 2950 cm−1 peak is 0.4 AU, and the peak-peak noise is 0.04 AU which results 
in a SNR of approximately 10, four times smaller than the SNR of the synchrotron data.  
20µm 
a b 
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Figure 3.4. Average spectra of regions of interest selected on IR Images of a: Synchrotron and b: 
Thermal PolyStyrene bead. 
Different integration ranges over the peaks were tested and finally integration 
over CH band 2877-3058 cm−1 was selected; this range was capable of highlighting the 
bead itself from the holder and its surrounding. The low frequency bands did not work 
well for this data, especially for the synchrotron data.  
The integrated images over the band mentioned above are shown in Figure 3.5. The 
holder can also be seen on the left side of the field of view.  
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Figure 3.5. Integrated FTIR images of a: Synchrotron and b: Thermal PolyStyrene bead over 2877-
3058cm
-1
. 
3.5. Justification of the data  
Although the PS bead was intended to be used as a phantom, after the 
experiments and the data analysis, it turned out that there are different unknowns about 
this sample. Since the purpose of this study is to identify the differences between 
reconstructed data collected by Synchrotron and thermal light source, accuracy of the 
experiment results, reconstruction results, and analysis is highly important. Therefore, a 
mechanism of analysis was designed to test the correctness of each step. In this section, 
the small region on the top of the integrated images which seems like a missing part 
(marked in black on Figure 3.5(a)) of the circle was initially considered as an artifact, and 
required more investigations to justify the preciseness of the experiment and the analysis.   
The first strategy to further our knowledge about the top part of the bead is to 
compare the spectrum in that region with the other parts of the bead where seem natural. 
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To perform this, the stack of spectra along the white lines indicated on the integrated 
images in Figure 3.5 was obtained for fifteen equidistant pixels along the line for both 
synchrotron and thermal data. The stacks are shown in Figure 3.6 (a) and 3.6 (b) for the 
synchrotron and thermal data respectively. The stacks indicate that the intensity is 
decreasing (from bottom to the top of the spectra which corresponds to the same order of 
points on the white line). However, the shape of the peaks is not varying; this can deny 
the assumption that the above part of the bead has been covered by another material such 
as glue, etc. Although the thermal stack of spectra is providing the same information 
above, due to the intense noise, are not reliable enough, and the analysis are mainly 
concluded based on the synchrotron spectra. 
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Figure 3.6. Stack of spectra along white lines shown on Integrated FTIR images in Figure 3.5. a: 
Synchrotron and b: Thermal 
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Second strategy is to make sure about how the sample looks like. To investigate 
this hypothesis, stack of 2D IR images at different angles were observed. If the loci of the 
artifact in the integrated images of the projections are changing, it could be claimed that 
the Polystyrene polymer existed at that certain location of the sample, and if not further 
investigations are required. This could be seen more obviously in synchrotron data rather 
than the thermal data. Figure 3.7 shows this investigation; the loci of the missing part of 
the Polystyrene component in integrated images are approximately fixed which denies 
our first hypothesis. 
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Figure 3.7. Stack of projection images at different rotation angles and their corresponding integrated 
images over CH band 2877-3058 cm
-1
. The numbers under the images refer to the angle of rotation. 
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The third strategy is to confirm that the detector was working properly, and the 
field of view had not been obstructed at the top region of the bead while collecting the 
data. To do this, the emission background and sample average spectra of the field of 
view, where there seemed to be a problem, were obtained from the OPUS experiment 
files in Igor Pro Software, and then evaluated. These spectra were also obtained for the 
same shape of ROI but close to the center of the PS bead. Figure 3.8 displays how the 
ROIs were selected on synchrotron and thermal background and sample IR projection 
images with black lines. The average spectra of these ROIs are shown in Figure 3.9.  
    
Figure 3.8. ROIs selected on a: synchrotron background emission IR image. b: synchrotron sample 
emission IR image. c: Thermal background emission IR image. d: Thermal sample emission IR 
image. 
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Figure 3.9. Average Spectra of the ROIs on Figure 3.9. 
Spectra of the ROIs shown in Figure 3.9 and the same shape of ROI close to the center of the bead 
using a: synchrotron b:thermal light source. 
 
The peaks of the spectra in Figure 3.8 confirm the correctness of the measurements. The 
average spectra of the ROIs of the top of the bead in the 2D reference (background) 
a 
b 
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images are in accordance and very close to those of the sample image. This indicates that 
the FPA detector was working properly during the experiment. All these tests prove that 
the 2D data are valid, the FTIR phantom data has been validated, and we are ready to 
start the 3D analysis. 
3.6. 3D data tomographic reconstruction methods 
3.6.1. Data collected using Synchrotron Light: Parallel beam reconstruction 
A variety of methods exist for carrying out tomographic reconstructions. The 
method is normally selected based on the type of the data set to be reconstructed and the 
purpose of analyzing the reconstructed data. Among all these methods filtered back 
projection and iterative methods can be employed. The filtered back projection method 
works well when the number of available projections is large and we have enough views 
of the sample. In our experiments, we have between 200 and 360 projections which are 
considered enough since first of all projections in 180 degrees rotation when using the 
parallel beam enables us to reconstruct the whole sample; also, in most experiments the 
angle step is selected in a way to collect dissimilar projections in each of the two 180 
degrees rotation when rotating the sample for 360 degrees. Moreover, the FBP works 
well when the sample does not contain dense objects such as metal, which justifies for the 
samples in this dissertation.  Another condition in which FBP works well is when the  IR 
has sufficient power; this is highly in accordance with our light source, since the 
Synchrotron light is a bright light source which provides us with high SNR data [1] [19] 
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[20]. On the other hand, the iterative method works well for low dose light sources (such 
as thermal light sources), and also sparse projections.  
The iterative penalized likelihood tomographic reconstruction was employed from 
the Aspire package [21] [22] [23] [24] [25]. It was assumed that the synchrotron light has 
parallel beam illumination; this might not be a precise assumption, but the beam waist 
created by the focus at IR wavelengths of the 12 beams can be approximated well by a 
parallel beam [26]. The filtered back projection was also implemented in Matlab. The 
parallel beams illuminating the sample in the form of columns in a 2D array were 
considered, and the projections at each column of the detector at different angles were 
collected. Using the inverse radon transform, the filtered back projection of each slice 
(the path of light from the source to one column of the detector) was calculated. After 
calculating this for all the slices, volume rendering is used for visualizing the whole 
reconstructed volume. 
3.6.2. Data collected using thermal Light source: Cone beam reconstruction 
There are several cone beam machines that emit x ray cone beam with 
applications in dentistry [27]. The cone-beam geometry was basically developed as an 
alternative to fan-beam tomography for faster data acquisition over the entire field of 
view [28].  The fan beam uses a point source of radiation that emits a fan-shaped beam. 
On the other side of the sample a set of detectors is employed to make all the 
measurements in one fan simultaneously. The sample is rotated to generate the desired 
number of fan projections [29] [30]. A schematic of the fan beam and cone beam 
tomography are shown in figure 3.10 and 3.11. 
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Figure 3.10. A schematic of fan-beam Tomography [31] 
 
 
Figure 3.11. A schematic of Cone-beam Tomography [32] 
Feldkamp or FDK algorithm was developed as one of the first cone-beam 
reconstruction methods. This is the most straightforward, practical and computationally 
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efficient method compared to iterative methods [33] [34]. Feldkamp cone-beam formulas 
were developed by modifying the convolution and back-projection formulas of fan-beam. 
The projections are individually weighted and ramp filtered. Weighting includes cosine 
weighting and short-scan weighting. The filtered projections are reconstructed to get the 
final volume. 
The thermal light is not as parallel as the synchrotron light and diverges as it is 
emitted by the light source. This knowledge convinced us to implement cone beam 
reconstruction in which a point source is illuminating a sample, with a beam of light 
diverging while travelling to the 2D FPA detector. As indicated in figure 3.12 the light 
initiating from the thermal or synchrotron light source travels through the condenser first, 
becomes focused on the sample, then diverges again until reaches the objective, and starts 
converging onto  the detector.  This schematic is the same for the thermal source.  The 
schematic is shown in Figure 3.13.  
 
Figure 3.12. The path of light from the synchrotron to the detector. 
Light from the synchrotron 
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Figure 3.13. The schematic of the optics used with Schwarzchild objective and condenser. 
 
No specific method has been developed for 3D reconstruction of images collected 
using a Schwarzchild Objective together with a thermal light.  
In theory, since it is assumed that the light is focused on the sample, the sample 
can be considered as a radiative source; but, in reality the light coming from the 
condenser is not focused precisely on sample, and with a good approximation it can be 
assumed that it is focused before reaching the sample, and initiates diverging from there. 
This assumption helps us to employ the cone beam reconstruction methods when thermal 
light source is illuminating the sample. The final schematic considered for modelling our 
optics is as indicated in Figure 3.14.  
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Figure 3.14. Schematic of the modelled optics for cone beam reconstruction. 
 
Since the objective employed for the micro-spectro-tomographic experiments has 
Numerical Aperture 0.5, the half cone angle is 30°. This parameter, the size of the sample 
and size of the detector based on the above model can be employed to calculate the 
distances in our model. The distances include the distance from source to sample and 
from source to the detector plane. All the samples are assumed to be 140×140×140 μm3; 
this is the final reconstructed object size, with each voxel size 1.1×1.1×1.1 μm3. The 
detector size is 128×128 pixels. Each pixel size is 40×40μm2. Employing the mentioned 
sizes, the parameters in Figure 3.14, are as follows: 
DSO= 121.9364 μm 
DSD= 4957.5 μm 
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Based on the calculated distances, the initial assumption that the source is at a 
small distance from the sample compared to the distance between the source and the 
detector, is correct. 
The method applied as the reconstruction strategy is the FDK method, which is a 
modified form of fan beam reconstruction [29] [33]. A fan beam is when the beam 
diverges from a point source and is collected by a detector as a vector, whereas a cone 
beam is collected at the detector as a 2D array. 
In cone beam reconstruction, the fan of light in fan beam reconstruction is tilted 
out of the plane of rotation; therefore, some modifications are required for the coordinate 
system of the reconstructed point. The reconstructions are made separately based on each 
elevation level of the cone beam, and finally, all tilted fan beams’ reconstructions will be 
summed. Since, each fan beam is tilted out of the source-detector plane of rotation, a new 
coordinate system should be represented to enable us to calculate the reconstructed image 
with respect to the tilted fan. In the following, a summary of the cone beam 
reconstruction steps is explained [29]. 
The Cartesian coordinates employed in the calculations are shown in Figure 3.15. 
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Figure 3.15. The fan beam in the (t ̃,s ̃) coordinate system. [29] 
 
The projection data should be scaled by the ratio (DSO/√DSO
2 + ζ2 + p2). Where, 
DSO is the source object distance, and 𝑝 and ζ  are the width and height of the fan above 
the center of the plane of rotation. The new projection will be: 
𝑅′𝛽(𝑝, 𝜁) =
𝐷𝑆𝑂
√𝐷𝑆𝑂
2 + 𝜁2 + 𝑝2
𝑅𝛽(𝑝, 𝜁) 
where 𝑅𝛽(𝑝, 𝜁) is the collected projection data at the detector at the source angle 𝛽. Then 
the weighted projection is convolved with ℎ(𝑝)/2. This convolution is done for each 
elevation of the cone beam from the source detector plane in the Fourier domain: 
𝑄𝛽(𝑝, 𝜁) = 𝑅′𝛽(𝑝, 𝜁) ∗
1
2
 ℎ(𝑝) 
where, 
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ℎ(𝑝) = ∫ |𝜔|𝑒𝑗𝜔𝑝𝑑𝜔
𝑊
−𝑊
 
h(p) is the inverse Fourier Transform of |ω| in the frequency domain. 
The last step is to backproject the weighted projections over the 3D reconstruction 
grid. 
𝑔(𝑡, 𝑠, 𝑧) = ∫
𝐷𝑆𝑂
(𝐷𝑆𝑂 − 𝑠)2
2𝜋
0
𝑄𝛽(
𝐷𝑆𝑂𝑡
𝐷𝑆𝑂 − 𝑠
,
𝐷𝑆𝑂𝑧
𝐷𝑆𝑂 − 𝑠
)𝑑𝛽 
The two arguments of 𝑄𝛽 represent the transformation of a point of the object onto the 
coordinate system of the tilted fan shown in Figure 3.15.  
Only the points that get the illumination from all direction can be reconstructed 
correctly. In a cone beam system these points are the ones that are in the spherical region 
with a radius of DSO sin (Γm).  Γm represents the half cone beam angle. For our cone 
beam system DSO sin (Γm) is 60.97µm.    
3.7. Parallel beam reconstruction results  
The PS beads were reconstructed by a parallel beam reconstruction Java script 
written in the Fiji software [35], and the obtained 3D synchrotron and thermal data 
morphology were compared. The reconstruction process is carried out in three different 
steps. First, the data which is collected in OPUS format provided by the OPUS Software 
is converted into a data type called DPT; this is done by a script in OPUS. Then, the DPT 
files go through another script which reorders the data in the form of several files. Each 
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of the DPT files initially contains the absorbance data cube of each of the images at 
specific angles in the whole spectral range. After running the latter script, each new DPT 
file contains the absorbance data cube of one of the wavelengths but in all of the rotation 
angles; this enables us to reconstruct the 3D image of a sample at each individual 
wavelength or reconstruct the image at several wavelengths or calculate the integrated 
image corresponding to a specific chemical component of a sample, similar to what was 
done in the last part in 2D data analysis, then reconstruct the 3D structure. After the 
reconstruction process, a 3D data in the general binary format is created; Figure 3.16 
shows three of the reconstructed slices of Polystyrene beads collected using synchrotron 
light; this is a 128×128×128 voxel 3D image. The baseline and integration range used for 
this reconstruction is 2877-3058cm−1. 
   
Figure 3.16. Result of reconstructed image for synchrotron Polystyrene bead; 
2D slices through the sample at z=51.7µm, z=70.4µm and z=94.6µm from left to right respectively. 
 
To visualize the 3D volume, a 3D viewer Java script was used in Fiji. This viewer 
provides limited capabilities for analyzing the 3D morphology. Figure 3.17 shows three 
different renderings of the reconstructed Synchrotron Polystyrene beads. The sphere 
shows the bead itself and the extra part shows parts of the holder which contained the PS 
45 
 
 
 
bead. Having used the baseline and integration range associated with the PS bead we 
expect to see the bead. Also, since the holder contains the bead as well when using the 
same baseline and integration range before the reconstruction the holder appears too.  
Average spectra of the bead without the holder and holder without the bead are shown in 
Figure 3.17 (d).This could be eliminated by increasing the threshold until the beads 
voxels are preserved, and the low intensity voxels around the bead are eliminated. Later, 
it will be shown that masks are used to eliminate the holder voxels.  
 
  
 
Figure 3.17. a-c:Three volume renderings of reconstructions of synchrotron based data visualized in 
Fiji. d: average spectrum of the bead and holder. 
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As can be seen in Figure 3.17(b) the tip of the bead seems to be missing which is 
in accordance with what was seen in 2D images in Figure 3.5. The same strategy was 
repeated for the thermal based data and the results are shown in Figure 3.18. 
 
  
Figure 3.18. Three volume renderings of 3D reconstructions of thermal based data in Fiji. 
 
Figure 3.18 shows that the thermal data has also some missing parts on the tip of the 
bead. The surface of the rendered images of the thermal based data seems generally 
noisier than the synchrotron data.  
Although this tool is providing us with the 3D volume, a more useful volume 
rendering software was found called Chimera with more capabilities than Fiji. This 
freeware is usually used for interactive visualization and analysis of molecular structures 
and conformational ensembles [36] [37] [38]; therefore, was used for visualizing our data 
and generating high quality images and videos. This required some preprocessing steps 
for matching the “.raw” data type from Fiji with “.mrc” files in Chimera. Figure 3.19(a) 
shows a rendering of the reconstructed synchrotron PS bead. As can be seen, a part of the 
holder is included in the reconstruction, since the holder also contains some of the 
a b c 
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polymer material. While integrating the data at the certain spectrum peaks to obtain the 
bead, the holder has been included as well, and then has been reconstructed. Figure 
3.19(b) shows the histogram of the reconstructed image. The bar on the histogram 
indicates that voxels with intensities less than 0.291 have been omitted to visualize the 
bead and remove the very low intensity voxels in the reconstructed volume which do not 
correspond to the bead.   
 
 
Figure 3.19. A rendering of the synchrotron based data in Chimera, 2877-3058cm
-1
. 
 
a 
b 
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Since we are not interested in the holder part, and later we will do comparisons on 
the different reconstruction types of the bead itself, the holder can be removed from the 
volume in Fig 3.19(a) by using a sphere mask. Figure 3.20 shows the sphere mask with 
the radius of 27.5µm implemented in Matlab and visualized in Chimera. The mask zeroes 
all the voxels out of it, and keeps the voxels inside the model. Figure 3.21 shows some 
renderings of the masked reconstructed synchrotron based data in Chimera. 
 
Figure 3.20. Rendering of the sphere mask in Chimera. 
One important issue that needs to be considered when visualizing the models in 
Chimera is that Chimera changes the size of voxels as a function of intensity in the 
histogram. To eliminate this issue after masking the model and removing the noisy 
voxels, the remained voxel intensities are changed into 1 and the rest of the voxels are set 
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d 
to zero. Then, the starting threshold of the histogram is set to 0.001. In this case, the size 
of all of the voxels will be the same. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.21. Synchrotron based PS bead. 
a-d: Volume renderings of reconstructed synchrotron based images in Chimera. e: middle: original 
histogram of the reconstructed PS bead, top: histogram of the masked PS bead, bottom:  histogram 
of the reconstructed, masked and thresholded PS bead. 
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a 
Rendering in Chimera displays the structure of Polystyrene more detailed than in 
Fiji. Cross sections of the bead were also obtained to see the internal morphology of it, 
and were shown in Figure 3.22. The reconstructions of the synchrotron data seem to be 
hollow in the center, although the bead is showing some amount of thickness on the shell. 
  
 
 
 
 
 
Figure 3.22. Volume renderings of cross sections of the reconstructed synchrotron based images. 
a) Cross section of image 3.21(b). b) Cross section of image 3.21 (a). 
 
3.7.1. Observing the effect of strength of the integration peak on the quality of the 
parallel beam reconstruction 
To obtain the 3D reconstruction of the IR data, different various integration peaks 
can be employed. In this part, we are interested in investigating the effect of the strength 
of the peaks on the PS bead sample. The synchrotron based PS bead is used as a phantom 
in this investigation.    
The region of interest was selected to include the spherical bead, and the average 
spectrum of the bead was obtained in Figure 3.23. Three different integration ranges of 
reconstruction are tested; weak, medium and strong absorbance peaks. 
b 
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Figure 3.23. The ROI and average spectrum of the polystyrene bead. 
 
Based on the average spectrum, the 3416-3464cm
-1
 range with the peak intensity of 0.735 
AU is selected as the weak absorbance peak, the 1345-1412cm
-1
 with the peak intensity 
of 1.02 AU, and 1412-1520 cm
-1
 range are selected as the medium absorbance peaks, and 
the 1650-1818cm
-1
 with the peak intensity of 1.2 AU as the strong absorbance peak. 
Another strong peak is 2877-3058cm−1, with the peak intensity of 1.3 AU which was 
investigated in Figures 3.21 and 3.22. The 2D integration results and corresponding 3D 
reconstructions are shown in Figures 3.24- 3.26.  
When visualizing reconstructions in the weak absorbance range of 3416-3464cm
-
1
, the bead voxels appear with the cube voxels around it, which is an indication of low 
intensity voxels. Therefore the bead model inside the box cannot be visualized before 
masking. The renderings of the reconstructed image after masking, at weak absorbance 
peaks in Figure 3.24(b)-(d) seem to have diffraction scattering at the edges. This 
demonstrates that with the measured SNR and strength of this band the resulting 
tomographic reconstruction is noisy. 
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Figure 3.24. Reconstruction at weak absorbance peak 3416-3464cm
-1
. 
a) Integrated image b-c) rendering of reconstructed image d) cross section of the reconstructed 
image. 
 
Figure 3.25 shows the reconstruction results at medium strength peaks. The first 
set of renderings corresponds to 1345-1412cm
-1 
band using the threshold 0.0528, and 
lacks some regions on the outer part of the bead, although the cross section is showing 
two layers which is in accordance with the 2D integrated image in Figure 3.25 (a). 
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Figure 3.25. Reconstruction at medium absorbance peak. 
a-d) 1345-1412 cm
-1
 e-h) and 1412- 1520 cm
-1
 integrated images, renderings and cross section of the 
reconstructed data. 
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The reconstructions at the next medium strength band, 1412-1520cm
-1
 using the threshold 
0.204,
 
show a better result compared to 1345-1412cm
-1
 band as can be seen in Figure 
3.25.  Figure 3.26 shows the renderings of the reconstructed data doing the integration in 
the range 1650-1818cm
-1
 using the threshold 0.325. Some small areas of the surface are 
not reconstructed well using this band.  
 
 
 
 
 
 
 
 
 
 
Figure 3.26. Reconstruction at strong absorbance peak 1650-1818 cm
-1
. 
a) integrated 2D projection b-c) renderings of reconstructed image d) cross section of the 
reconstructed data. 
 
Looking at the reconstructions at different ranges, it can be concluded that 
stronger bands are more capable of revealing the morphology due to having a higher 
SNR. Also, the high frequency ranges show the diffraction effects and the interference of 
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waves since more circles are seen in the renderings of the bead at the reconstructions at 
high frequencies.   
3.7.2. Average spectrum calculation 
One of the ways to show that the reconstruction is carried out properly, and the 
3D volume is correctly representing the morphology of the sample is to calculate the 
average spectrum of a region of interest of the tomographic reconstructed volumes, and 
compare it with the average spectrum of a similar area of the 2D projections. Doing this 
is very computationally expensive, but is worth trying for at least our phantom. The 
following calculations have been carried out to obtain the average spectrum in Figure 
3.27: 
 The 3D reconstructions at all 778 wavenumbers have been calculated. 
 The spectra of the voxels were calculated from the parallel beam tomographic 
reconstructions of the synchrotron based PS bead data. This is done by reordering 
the mentioned data. 
 A sphere mask has been applied to the integrated reconstructed model, which was 
already calculated, to merely select the bead among the surrounding voxels. The 
indices of the selected voxels were identified, and saved into a file. 
 The average spectrum was calculated by reading the spectra of the voxels inside 
the sphere mask, and taking the average of them. 
The average spectrum in Figure 3.27 is in accordance with the average spectrum in 
Figure 3.23 which indicates the preciseness of the whole process. The only interesting 
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difference is the absorbance strength of the peaks. The absorbance intensity of the 
absorbance bands in the average spectrum in figure 3.27 is 46 times smaller than in the 
average spectrum a projection image in Figure 3.23.  
 
Figure 3.27. Average spectrum of the reconstructed Synchrotron based PS bead. 
 
The reason is that a voxel is 1.1×1.1×1.1µm
3
 in volume, whereas the transmission 
spectrum is from a region approximately 50µm thick and a 1.1×1.1µm
2
 pixel area. 
Therefore, the amount of sample in one voxel is approximately 46 times smaller than in 
one projected pixel. 
3.7.3. 3D analysis of the thermal data 
In the last section, we discussed the 3D reconstruction of the data collected by the 
synchrotron light. The synchrotron light was assumed parallel, and parallel beam 
reconstruction was employed to obtain the 3D model of the sample from its 2D 
projections. The results were found promising based on the obtained spectrum.  
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The question is, whether the same type of reconstruction is promising for the data 
collected by the thermal light. Small modifications to parallel beam reconstruction might 
be required to develop a code which implements the reconstruction of the data collected 
by the thermal light source.  
Initially, we start with parallel beam reconstruction of the thermal data. The same 
integration range as the synchrotron data (2877-3058cm−1) is used for the reconstruction 
of the thermal based data. The volume rendering of the thresholded reconstructed thermal 
based Polystyrene bead and its original histogram (before thresholding) are shown in 
Figure 3.28.  
 
 
Figure 3.28. Reconstructed thermal based image. 
a: Volume rendering of reconstructed thermal based image. b: histogram of the tomographic 
reconstruction of the thermal data before applying the thresholding and converting to 0 and 1 voxels. 
a 
b 
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As mentioned earlier, in this case only the synchrotron light has been replaced by 
the thermal light, and the sample is the same as the last sections. The renderings in Figure 
3.29 show the noisiness of the data clearly seen on the surface of the reconstructions. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.29. Reconstructions of thermal based PS bead data. 
a-c: Volume renderings from 3D viewer in Chimera. d: cross section of the volume 
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Also, the cross section shows a full structure compared to the cross sections shown in 
Figures 3.22, 3.24 and 3.25 which indicate two layers with a gap between them. The 
threshold intensity used for this reconstruction was 0.335. 
To see the effect of different integration ranges on the thermal based data 
reconstructions, the projections were reconstructed at different strength bands already 
employed for the synchrotron based data. The reconstruction in the wavenumber range of 
3416-3464cm
-1
 is some random points, and does not show any morphology.  
1345-1412 cm
-1 
shows a smaller volume along with noisy voxels scattered around it. 
The results are shown in Figure 3.30. The threshold initially used for visualizing the 
reconstruction was 0.0381. 
 
 
 
 
 
 
 
 
 
 
 
 
60 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.30. Reconstructions of the thermal based data in the weak band (1345-1412cm
-1
). 
a-c: Volume rendering, d: cross section of the tomographic reconstruction of the thermal data, e: 
histogram of the original data (top), histogram of the masked data (middle), histogram of the masked 
thresholded data (bottom). 
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Volume renderings of the reconstructed thermal data in the integration range 
1412-1550cm
-1
 are shown in Figure 3.31. The threshold applied to this reconstruction 
was 0.112. The threshold is smaller than the one employed for the synchrotron based PS 
bead data due to the lower signal values and consequently the lower intensities in the 
thermal based data. It can be seen that the bead has two shells in which the outer part is 
thinner (or it might be intense noise around it) and has only one half of the surface. The 
reconstruction still shows a full structure. 
 
  
 
 
 
 
 
 
 
 
 
 
 
Figure 3.31. Reconstructions of the thermal data in medium strength band (1412-1520 cm
-1
). 
a-c: Volume renderings, d: cross section of the tomographic reconstruction of the thermal data. 
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As the last medium strength band, 1650-1818cm
-1
 applying threshold of 0.163 was 
employed to evaluate the reconstructions. This reconstruction shows assymetric scattered 
noise around the volume too. Therefore the 2877-3058cm
-1
 integration range is still the 
most precise range among the different tested bands. 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.32. Reconstructions of the thermal PS bead data in medium strength band (1650-1818cm
-1
). 
a-b: Volume renderings, c: cross section of the tomographic reconstruction of the thermal data. 
 
 
After seeing the reconstructions at all these ranges, it can be concluded that the 
parallel beam reconstructions of the synchrotron based data are representing the bead as a 
hollow structure, and the parallel beam reconstructions of the thermal based data 
represent full beads. The constructive and destructive interference of the synchrotron 
light caused this artifact when the bead is right at the focus, whereas the data from 
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thermal light source is so noisy that fills the bead. To prove this, the beads were 
microtomed, and 2D visible images of the microtomed beads were collected. It was found 
that there is structure inside the bead and the beads are full. Figure 3.33 shows the visible 
image of the microtomed bead. 
 
Figure 3.33. Visible image of microtomed PS bead 
3.8. Cone beam reconstruction results  
The thermal PS bead data was reconstructed by the cone beam algorithm. This 
was mainly done to investigate the differences between the morphology of the obtained 
model using parallel beam reconstruction and cone beam reconstruction. If, the new 
results are satisfactory, the cone beam reconstruction can be later used for the thermal 
data. Figure 3.34(a) shows the reconstruction of the bead by the cone beam algorithm 
using 0.0037 as the threshold. 
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Figure 3.34. The cone beam reconstruction of the thermal based data in the band (2877-3058 cm
-1
) 
a: Volume rendering, b: histogram 
 
The rendering above is without applying the mask and the thresholding which makes the 
voxels the same size. Figure 3.35 shows the PS bead thermal data after using the mask 
and thresholding.  
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Figure 3.35. Cone beam reconstruction of the thermal based data in the band (2877-3058 cm
-1
). 
a-e: Volume renderings f: cross section of the rendering  
 
Comparison:  
The cone beam reconstruction renderings in Figure 3.35 are compared to the parallel 
beam reconstruction renderings in Figure 3.29. 
 The cone beam reconstruction is showing the overall structure of the bead. 
 The cone beam reconstruction has omitted the scattered noise around the bead, 
and seems to have a higher SNR. This looks like the reconstruction of the 
synchrotron data. 
 The cross sections of the reconstructed bead show higher density structure than 
the parallel beam reconstructed models.  
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 Although the tip of the bead shows the missing part of the tip of the bead, the very 
small holes in the cross sections are much less than the parallel beam 
reconstructions.  
 Less holder voxels appear than in the parallel beam results. 
 The new reconstruction seems more spherical. The parallel beam reconstruction 
looks more ellipsoidal than the latter.    
 The new histogram has a sharper peak, whereas the last one was smoother and 
more Gaussian. 
To better investigate the validity of the cone beam reconstruction results above, the stack 
of the average spectra of the band that was used for reconstructing the bead were 
obtained, and shown in Figure 3.36. The average spectra are calculated in 4×4×4 voxels 
region of interest.  
It can be observed that the peaks in the cone beam reconstruction have been 
reconstructed in the average spectra very well, which makes the results valid. The voxels 
of the stack were selected with x and y constant and z from 16 to 80 with a space of 4 
pixels between the two. 
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Figure 3.36. Stack of average spectra of the ROI of 4×4×4 voxels of the thermal data 
reconstructed by a: parallel beam algorithm, b: cone beam reconstruction algorithm. 0.01 offset has 
been applied to both graphs. 
 
The graphs show that the peaks occur at the same wavenumbers that was previously 
found in our 2D analysis. This justifies that the model considered for the cone beam 
reconstruction maintains the spectroscopic characteristics of the sample.  
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3.9. Deconvolution of the PSF from the centered PS bead 
3.9.1. Synchrotron data 
In the last discussions, the synchrotron based PS bead data reconstructions at 
various bands were visualized, and the differences between the morphologies were 
discussed. Certainly, the bands employed in reconstruction affect the outcome; we are 
interested in finding out whether the location of shells, the number of them, and the size 
of void inside the bead changes or not. We observed these changes for the bead data set; 
for more justification, in this section we are applying the deconvolution method 
toevaluate the effect of deblurring the 2D projections on the 3D reconstructions of the 
data. The deconvolution for 36x (0.5) objective was implemented [2]. All reconstructions 
were regenerated after applying deconvolution to the hyperspectral 2D projections.  
Figure 3.37 shows the renderings of the reconstruction of the deconvolved PS bead at 
2877-3058cm
-1
 band. The threshold applied for visualization is 0.469.  
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Figure 3.37. Reconstruction of the deconvolved PS bead at 2877-3058cm
-1
 band 
a-c: renderings, and d: cross section  
 
The renderings of the reconstructions at the weak band 3417-3463cm
-1
 are shown 
in Figure 3.38. As can be seen the bead cannot be reconstructed with all its voxels, and a 
relatively small threshold (0.0251) needs to be employed to visualize the bead in the 
center; however, a large amount of noise around the bead (part of the 128×128×128 cube) 
appears which is filtered by a mask.  
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Figure 3.38. Reconstruction of the deconvolved PS bead at weak band of 3417-3463cm
-1
 
a-c: renderings, and d: cross section of the  
 
Renderings of the reconstruction at medium strength band 1411-1519cm
-1
 are indicated 
in Figure 3.39. The bead has a thick shell and a full sphere inside it.  
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Figure 3.39. Reconstruction of the deconvolved PS bead at medium strength band of 1411-1519cm
-1
. 
a-c: renderings, and d: cross section  
 
Renderings of the reconstruction at medium strength band 1346-1411cm
-1
 are indicated 
in Figure 3.40. The renderings show the outer shells as being sectioned into different 
parts, which does not match the visible images.  
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Figure 3.40. Reconstruction of the deconvolved PS bead at medium strength band of 1346-1411cm
-1
. 
a-c: renderings, and d: cross section 
 
Renderings of the reconstruction at the strong band 1650-1816cm
-1
 are indicated in 
Figure 3.41. This model also lacks some voxels on the outer shell, but overally resembles 
the original raw data.  
The deconvolved synchrotron based data overally resembles the raw data in terms 
of morphology especially for the strong band of 2877-3058 cm
-1
.  
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Figure 3.41. a-c: Renderings, and d: cross section reconstruction of the deconvolved PS bead at 
strong band of 1650-1816cm
-1
. 
3.9.2. Thermal based data 
We already observed the differences between the volume models of the 
deconvolved synchrotron based reconstructed data. It is beneficial to observe the same set 
of absorbance bands’ parallel beam reconstructions for the thermal based data. This 
section demonstrates the differences observed in the renderings of the reconstructions of 
the thermal based data. Figure 3.42 shows the renderings and cross section of the thermal 
based data reconstructed by the parallel beam scripts using integration of absorbance 
band 2877-3058cm
-1
. Interestingly, the deconvolution has decreased the level of the 
scattered noise around the raw reconstruction models, and the cross section cannot 
visualize the hollowness in the center of the bead unlike the synchrotron based data.  
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Figure 3.42. Reconstruction of the deconvolved PS bead at strong band of 2877-3058cm
-1
.
 
a-c: renderings, and d: cross sections. 
 
Reconstruction in the absorbance band 3417-3463cm
-1
 generates some scattered voxels 
and not a model of the bead. Therefore, the weak absorbance band is not helpful to 
reconstruct the model of the thermal based data. 
The renderings of the reconstructions in absorbance band of 1345-1412cm
-1
 lacks 
some of the outer shell of the bead. Comparing it to the raw data, the scattered noise 
around the model has been eliminated by the deconvolution. The latter can be seen in the 
integration ranges 1412-1520cm
-1
 and 1650-1816cm
-1
 in Figures 3.44 and 3.45. 
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Figure 3.43. Parallel beam reconstruction of the deconvolved PS bead at medium band 1345-1412 
cm
-1
. 
a-c: renderings, and d: cross sections  
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.44. Parallel beam reconstruction of the deconvolved PS bead at medium band 1412-1520 
cm
-1
. 
a-c: renderings, and d: cross sections  
a b 
c d 
a b 
c 
d 
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The deconvolved bead renderings in Figure 3.44 show sharper edges compared to the raw 
data as well as increasing the SNR of the data.  
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.45. Reconstruction of the deconvolved PS bead at strong band 1650-1816cm
-1
 
a-c: renderings, and d: cross sections  
 
3.10. Conclusion 
The 2D projections of the PS bead phantom were analyzed and validated by 
studying the spectra of them. The absorption bands were found, and the morphology of 
the sample was found by reconstructing the sample employing the obtained absorption 
bands and parallel beam reconstruction for both synchrotron and thermal based data. The 
synchrotron based reconstructed centered PS bead using parallel beam reconstruction 
a b 
c d 
78 
 
 
 
showed a hollow structure. This was investigated by looking at the 3D reconstructions at 
different wavenumber ranges, and microtoming the bead. It was found that the bead was 
full, and the reason for seeing it hollow could be the constructive and destructive 
interference of the light when the centered PS bead was exactly in focus. The 
morphology of the thermal data was found also using the parallel beam and cone beam 
reconstruction. The parallel beam reconstruction showed the bead full compared to the 
synchrotron based data, which was due to the noise filling it up. The renderings of the 
cone beam reconstructions of the centered thermal based PS bead showed correct 
morphology of the bead.   
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4. CHAPTER 4 
OFFCENTER PS BEAD FTIR TOMOGRAPHIC 
RECONSTRUCTIONS SYNCHROTRON vs. THERMAL 
4.1. Introduction 
In chapter 3, different types of tomographic reconstructions of the centered 
Polystyrene bead were evaluated. The reconstructions are also capable of revealing some 
information about how the optics of the FTIR spectroscopic imaging system might be 
modelled. The same methodology can be employed using off center PS beads. In this 
case the two off center beads are not exactly in focus when the sample is rotating, and 
this also might help us with choosing the best reconstruction algorithm for each of the 
available light sources.  
4.2. Materials and methods 
The off center PS beads are two Polystyrene beads that have been cast carefully 
by a hook that was dipped in glue beforehand. The visible image of the off center beads is 
shown in Figure 4.1. The two beads are visible with some separation by the hook 
between them. One of the beads is in the field of view and more visible, and the other one 
is out of the field of view and mostly blurred.  
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Figure 4.1. Visible image of an offcenter Polystrene bead 
 
Before applying the reconstruction algorithms to the data, the peak integration 
absorbance band is required to be found.  One of the 2D projections in which the two 
beads were facing the front was selected and integrated over different bands. 
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Figure 4.2. 2D FTIR image of the off center PS bead 
a: One of the projections of the off center PS bead at wavenumber 2900cm
-1
, b: the average spectrum 
of the ROI shown on part a. c:Average spectrum of the holder 
 
Two of the ones which could identify the two beads from the holder are shown in Figure 
4.3. 
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Figure 4.3. The 2D integrated image of offcenter PS bead. 
a: over the peak 2869-3062 cm
-1
, b: the integrated image over the peak 2969-3062 cm
-1
. 
 
The images above show that the 2969-3062 cm
-1
 range works better for identifying the 
beads from the holder. This range will be employed for the integration of the 
tomographic reconstructions. The holder average spectrum is shown in Figure 4.2 (c). As 
can be seen it has the same peaks which leads in the holder appear in the integrated 
images. 
4.3. Reconstruction of the synchrotron based off-center PS bead 
To make sure about the range, the 3D reconstruction in these ranges were also 
evaluated. The rendering of the parallel beam reconstruction are shown in Figure 4.4. Part 
d shows that the range 2969-3062cm
-1
 has a better reconstruction, and identifies the bead 
from the holder well. The histograms show the distribution of intensity before applying 
the thresholding. 
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Figure 4.4. Parallel beam reconstruction of the offcenter PS bead 
a, c: histogram and rendering over the peak 2869-3062 cm
-1
, b, d: over the peak 2969-3062 cm
-1
. 
 
The cross section of the reconstructed beads is shown in Figure 4.5 for further analysis 
and comparisons. Both ranges show full structure inside the bead. This justified our 
reasoning for the hollowness of the synchrotron based centered PS bead in chapter 3; 
a 
b 
c 
d 
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b 
when the bead is not exactly in focus, the focusing artifacts do not appear, and the bead is 
full.  
It is worth mentioning that providing numeric metrics for comparison between the 
reconstructions of each of the single beads of the off-center bead with the centered bead 
is nontrivial since there are a lot of different parameters between the two reconstructions 
such as center of rotation, position of the beads, etc.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.5. Cross sections of off center PS bead. 
a: 2869-3062 cm
-1
 (threshold  0.0257 applied), b: 2969-3062 cm
-1
 (threshold 0.137 applied) 
a 
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4.4 Reconstruction of the thermal based off-center PS bead 
In this part, the results of reconstruction of the thermal based off center PS bead data by 
the two different algorithms are demonstrated and discussed.   
 
a) Parallel beam Reconstruction results 
The thermal data was reconstructed by parallel beam reconstruction algorithm 
using the integration range 2969-3062cm
-1
. The beads are reconstructed quite similar to 
the synchrotron based data except that the reconstructed model is noisier. This can be 
seen in Figure 4.6. The intensity range of the voxels is [-0.143 0.142]. The threshold 
employed is 0.0412. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.6. Thermal based off center PS bead reconstructed by parallel beam algorithm. 
a: rendering, b: histogram (before thresholding)  
 
 
 
 
a 
b 
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Figure 4.7. Cross-section of thermal based off center PS bead reconstructed by parallel beam 
algorithm. 
 
b) Cone beam reconstruction results 
The data was reconstructed after base line correction and integrating the set of 
projections in the range 2969-3062cm
-1
. The histogram, renderings after thresholding and 
cross sections are shown in Figures 4.8 and 4.9. The intensity range of the voxels is [-
0.00165 0.00331]. Only the voxels with threshold larger than 0.0011 are visualized. 
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Figure 4.8. thermal based off center PS bead reconstructed by cone beam algorithm. 
a: Histogram (before thresholding), b-c: different renderings 
 
 
 
 
 
Figure 4.9. Cross-sections of thermal based off center PS bead reconstructed by cone beam 
algorithm. 
a 
c 
b 
c 
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One of the beads has a sharp shape of the cone rather than a sphere bead, and is 
not reconstructed precisely. This can be due to different reasons: 
 The size of the bead in the projections is very close to the limiting size that we 
calculated in cone beam reconstruction method in chapter 3 section 3.6.2. The 
cylinder that can be faithfully reconstructed has a radius of 60.97µm and this bead 
falls at the edge of that cylinder radius. This might be the reason that the sample 
cannot be reconstructed thoroughly.  
 One other reason could be that the distance of the two beads from the center of 
field of view are not the same. The distance of the top bead joint point with the 
holder in Figure 4.2 from the center is 19.79µm. This distance for the bottom bead 
is 26.87µm. The distances are shown if Figure 4.10 (a). Two other distances 
which might affect the reconstruction are the distances from the center of field of 
view to the center of the beads. For the top bead it is 31.81µm, and for the bottom 
bead it is 33.23µm which are shown in Figure 4.10 (b); therefore, the bottom bead 
is farther from the center of field of view. This might be the reason the two beads 
have not been reconstructed the same way, and that one of the beads appeared as a 
circle and the other one appeared in a sharp oval shape. 
 The cone beam is not modelling the optics of the imaging system properly.  
 
 
 
 
89 
 
 
 
 
 
 
 
 
 
Figure 4.10. Distances from the center of field of view 
a: to the edge of the bead, b: to the center of the beads. 
4.5 Deconvolution of the tomographic data 
In this part, we aim to deconvolve the simulated PSFs, designed for 36x 
Shwarzschild objective, from offcenter PS beads data. The purpose is to see the effect of 
the developed deconvolution method on the quality of the data.   
4.5.1. Deconvolution on the synchrotron based off-center PS bead 
The PSFs were deconvolved from the synchrotron based data, and were 
reconstructed by the parallel beam reconstruction algorithm. The results are shown in 
Figure 4.11. The deconvolution has found more structures of the bead and the holder 
connecting the two beads compared to the beads in Figure 4.4. Inside the bead still looks 
full after the deconvolution, which shows that the general attributes of the sample are 
preserved.  
 
19.79µm 
26.87µm 
31.81µm 
33.23µm 
a b 
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Figure 4.11. Parallel beam reconstruction of the deconvolved synchrotron based off center PS bead 
data. 
a: rendering, b: cross section 
4.5.2. Deconvolution on the thermal based off-center PS bead 
 
Observing that the beads are reconstructed as spherical shapes by the parallel 
beam, and reconstructed as cone shapes by how we modeled our optical system as a cone 
beam illumination and implemented our cone beam algorithm convinced us that the 
parallel beam reconstruction was closer to the thermal illumination of the sample. 
a 
b 
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Knowing this, we proceed with the parallel beam reconstruction after deconvolving the 
wavelength dependent PSFs from the 2D projections. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.12. Parallel beam reconstruction of the deconvolved thermal based off center PS bead data. 
a: rendering and b-c: cross sections 
 
a 
b 
c 
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The renderings of the thermal based off-center PS beads in Figure 4.12 enhance 
the main shape and characteristics of the beads rendered in Figure 4.6 and 4.7. As a result 
of deconvolution less noisy voxels are present in the tomographic data. The latter is an 
indication of a better contrast, and becomes important for the analysis of the data that 
have more complicated structures such as multi component samples in which the borders 
need to be identified precisely and carefully.   
93 
 
 
5. CHAPTER 5 
2D AND 3D FTIR SPECTROSCOPIC STUDIES OF MIXED 
POLYMERS - SYNCHROTRON vs. THERMAL 
5.1. Introduction 
Chemical images measured from vibrational spectroscopies map the spatial 
distribution of the sample components at each wavelength, where the contrast arises 
inherently from the absorption strength of the vibrational bands for specific functional 
groups.  Thus, the method is well-suited for performing chemically-specific microscopy 
on a variety of samples.  Recent advances in instrumentation (i.e, using high numerical 
aperture objectives) for IR widefield microspectroscopy make it possible to obtain 
chemical images with diffraction-limited spatial resolution. Deconvolution methods with 
accurate PSF’s (point spread functions) are valuable to improve the spatial resolution and 
contrast of measured chemical images generated from such hyperspectral data sets to 
yield spatial resolution beyond the diffraction limit [39]; additionally, the SNR of the 
resulting images and spectra is improved due to the low-pass filter applied during the 
deconvolution process [2]. Employing a bright source (i.e, synchrotron) with an optical 
arrangement designed to implement incoherent illumination, accurate PSFs have been 
measured
 
[2], simulated and implemented in deconvolution methods to apply to a variety 
of examples
 
[40]
 
[41]. Prior results have demonstrated that the image spatial resolution 
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and contrast are both improved by implementing Fourier-based PSF deconvolution at all 
mid-IR wavelengths (i.e., 2D spatial PSF deconvolution is performed on absorbance 
images for a single wavelength, and repeated for all mid-IR wavelengths), for 
synchrotron based results. Here synchrotron and thermal- source-based IR 
microspectroscopy hyperspectral datasets of poly-(3-hydroxybutyrate) (PHB)/poly-(L-
lactic acid) (PLA) and poly-(3-hydroxybutyrate) (PHB)/poly-(ε-caprolactone) (PCL) 
polymer blend films are used to characterize the improvement and limitations of applying 
this deconvolution method to data collected with different sources and with varying 
vibrational absorption strengths. It is well-known that these polymer blend films with a 
composition of 50:50 wt.% spontaneously phase separate, providing excellent examples 
for chemical imaging of distinctive chemistry
 
[13]
 
[42]. We demonstrate that image 
spatial resolution and contrast, as well as SNR, are improved in all cases for data 
collected with the synchrotron source.  In contrast, application of deconvolution to data 
collected with the thermal (Globar) source yields improved spatial resolution, contrast, 
and SNR only for absorption features that have sufficient strength with respect to the 
noise in the data.  
 The data were taken at the SRC using the IRENI, a recently commissioned 
resource for Fourier Transform Infrared (FTIR) chemical imaging. It is well known that 
synchrotron sources provide larger photon flux into a microscopic sample area due to its 
higher brightness compared to low-brightness conventional thermal sources [1]. The 
combination of the widefield optics and source brightness as implemented at IRENI has 
made it feasible to adequately measure the PSF of a commercial IR Microscope 
throughout the entire mid-IR bandwidth. Such images are critical for a priori 
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understanding and accurate modeling of the optical response of the imaging system, 
enabling the instrumental broadening (or blurring, for the case of a 2D image) to be 
removed (deconvoluted) from measured images. The effect of this process is to “deblur” 
measured images, increasing the spatial resolution and contrast and ultimately yielding 
images and spectra that more faithfully represent the actual sample characteristics.  
Alternatively, iterative approaches can be employed (e.g., Richardson-Lucy 
deconvolution) which rely on high quality SNR data to identify the PSF [43] [44] [45]; In 
our work, we demonstrate that applying Fourier Filtering-based deconvolution with PSFs 
derived from the synchrotron measurements also improves thermal, blackbody source 
based data.    
5.2. Materials and methods 
5.2.1. 2D analysis 
Performing IR microspectroscopy with a multi-element detector requires an 
extended source to achieve widefield and homogeneous detector illumination. 
Schwarzschild objectives concentrate and focus the light onto a small sample area, collect 
and refocus the light onto a detector plane, and ultimately the FPA detector collects 
hyperspectral cubes (x,y, Abs(λ)) of data that contain both spatially and spectrally 
resolved information. While in conventional laboratories thermal sources are used to 
illuminate the sample and detector, the IRENI beamline homogeneously illuminates the 
sample and detector planes with significantly higher source brightness; thus the use of a 
synchrotron source results in higher quality hyperspectral cubes [1]. In practice, the 
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thermal source limits SNR [46] and precludes the use of high N.A objectives that produce 
diffraction-limited spatial resolution, and thus can limit sample coverage or require 
excessive acquisition times.  Using IRENI, the compromise between sample coverage, 
spatial resolution and SNR is quite different than with the thermal source, since at least 
10× improvement in SNR is achievable for equivalent conditions. The microscope used 
in this experiment is a Bruker Hyperion 3000 IR microscope connected to a Bruker 
Vertex 70 FTIR spectrometer [2], illuminated with either a thermal source or the IRENI 
source. 
In the 2D imaging experiments described here, the data are collected in transmission 
geometry, with 128 scans for background and sample scans and a spectral resolution of 
4cm
-1
; the effective sample-plane pixel size is 0.54×0.54 μm2 when the 74×/0.65 N.A 
Schwarzschild objective is used.  
The samples examined here are phase-separated PHB/PLA and PHB/PCL (50:50 
wt.%) polymer blend films. PHB/PLA (50:50 wt.%) and PHB/PCL (50:50 wt.%) 
polymer blend films were prepared by dissolving equal amounts of the two polymers in 
chloroform. Casting from a chloroform solution on surface-roughed microscope slides (to 
avoid interference fringes in the transmission spectra) and evaporating the solvent at 
35°C in vacuo, a polymer film with thickness of 10µm was generated [13] [15]. These 
samples provide an excellent template to compare the quality of the images and evaluate 
the capabilities of the deconvolution method under different source and initial data 
conditions, since the phase separation is highlighted via inherent contrast in chemical 
images generated from the absorption bands for the distinct polymers.  For the PHB/PLA 
sample, the PHB-specific and the PLA-specific image integration ranges are 3426-
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3449cm
-1
, and 3480-3524cm
-1 
respectively, with a common baseline of 3410-3550cm
-1
 
(assigned to the 2x ν(C=O) absorptions). PLA is amorphous and PHB is crystalline [13] 
resulting in a larger overtone band bandwidth for PLA as compared to PHB. For the 
PHB/PCL sample, the PHB-specific integration range is 978-981cm
-1 (ρ(CH2) 
absorption), while the integration range for the PCL-specific image is 1465-1485cm
-1
 
(δ(CH2) vibrational mode). Baselines are 920-1000 cm
-1
, and 1431-1485 cm
-1
 for PHB-
specific and PCL-specific images, respectively [12]. The same integration parameters 
were used for both synchrotron and thermal-based data.  Below, the peak-to-peak noise is 
measured for 3100-3500 cm
-1
, for the PHB/PLA sample and for 1500-1700 cm
-1
 for the 
PHB/PCL sample. Ratio images for the PHB/PLA (50:50 wt.%) polymer film have been 
generated from the integrated chemical images described above. 
Hyperspectral data from PS beads were also used to obtain additional results comparing 
SNRs of different synchrotron and thermal based datasets. Different strength bands were 
used to calculate the integrated images. Strong absorbance band of 2993-3077cm
-1
 
(νar(=CH) vibration) was selected for calculations. 
 
5.2.2 3D FTIR imaging of Mixed Polymers-synchrotron and thermal 
The same method as used for PS beads polymer phantom was used for collecting 
tomographic data of PHB-PLA and PHB-PCL mixed polymers. Measurements were 
collected with a 36×/0.5 N.A. Schwarzschild objective. 32 scans were used with the 
spectral resolution of 12cm
-1
 and the total rotation angle is 359.1 degrees. The angle step 
98 
 
 
is 2.7 degrees; thus, 134 2D projections were collected. The collected 2D FTIR images 
are128×128 pixels with the pixel size of 1.1×1.1µm
2
. 
One of the projections of the tomographic experiment carried out for PHB-PLA 
polymer was selected, and two different regions of interest were identified for calculating 
the average spectra. The integration ranges were found by looking at the peaks of the 
average spectra. Generally, narrower and stronger absorbance bands are chosen for 
identifying specific components in the tomographic reconstruction. One region of interest 
was selected in the low absorbance region as shown in Figure 5.1(a), and the average 
spectrum was calculated in Figure 5.1(b). Another region of interest was selected in a 
higher absorbance region in Figure 5.1(c), and the average spectrum in Figure 5.1(d).  
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Figure 5.1. PHB-PLA mixed polymer film. 
a: visible image, b: one of the projections. c: average spectrum of the ROI shown on part b. d: the 
same projection with another ROI. e: the  average spectrum of the ROI shown of the image in part d, 
along with the baseline range and the integration ranges; green band shows the PHB band and pink 
band shows PLA band. 
 
The baseline selected for obtaining PHB and PLA specific images is 1674 – 1809 
cm
-1
, and the integration ranges across the shoulders of the fundamental vibration is 
1674-1716cm
-1
 and 1770 – 1809 cm-1 respectively. This is shown on Figure 5.1(e). The 
integrated projection images over the mentioned ranges are shown in Figure 5.2. 
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Figure 5.2. PHB and PLA specific images of the 7th projection images of PHB-PLA data. 
a: PHB, using baseline range 1674 – 1809 cm-1 and integration range 1674 - 1716cm-1. b: PLA, using 
baseline range 1674 – 1809cm-1 and integration range 1770 – 1809 cm-1 
 
The next mixed polymer studied in this dissertation is PHB-PCL. The visible 
image and one of the projections is shown in Figure 5.3. 
 
  
 
 
 
 
 
 
Figure 5.3. Synchrotron based PHB-PCL 
a: visible image b: projection at 45 degrees (17
th
 projection) 
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Figure 5.4. Average spectrum of the region of interest on PHB-PCL polymer blend film at 45° shown 
in Figure 5.3. 
The average spectrum of the region of interest shown on Figure 5.3(b) was 
calculated, and shown in Figure 5.4. The baseline correction and integration peaks are 
highlighted on the average spectrum. The baseline selected for obtaining PHB and PCL 
specific images are 917 – 1002cm-1 and 1430 – 1485cm-1 respectively, and the integration 
ranges are 975 - 983cm
-1
 and 1465 – 1485cm-1 respectively. This is shown in Figure 5.5. 
 
 
 
 
 
 
 
 
Figure 5.5. PHB and PCL specific images of the 17th projection images of PHB-PCL data. 
a: PHB, using baseline range 917 – 1002cm-1 and integration range 975 - 983cm-1. b: PCL, using 
baseline range 1430 – 1485cm-1 and integration range 1465 – 1485cm-1. 
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5.3. Results and Discussion 
5.3.1 2D IR Imaging 
A) IR Imaging of 50:50 Mixture of PHB/PLA blend film   
5.3.1.1. Raw Synchrotron and thermal based images and spectra 
 
Figure 5.6(a) shows chemical images generated from raw synchrotron 
hyperspectral cubes collected from PHB/PLA (50:50 wt.%) polymer blend films.  A 
visible image of the region measured is shown in Figure 5.6(c).  Chemical images 
representing the distribution of PHB and PLA were generated by integrating the 
absorption band corresponding to the first overtone of the C=O stretching mode for each 
pixel in the field of view. The color scale indicated on the right side of each image shows 
the smallest absorbance in purple and the largest absorbance in red; in the PHB-specific 
image, the island in the center with high absorbance shows a PHB-rich region. The PLA-
specific image shows a morphology characterized by small clusters of high absorbance, 
indicating a “matrix” of microscopic PLA-rich regions around the PHB island. The phase 
separation in both chemical images can be seen. The FTIR transmission stack of spectra 
along the black line, drawn on the PHB integrated image, is shown in figure 5.6(b); each 
single spectrum is obtained from a single pixel. The stack of spectra shows the spectra 
extracted from pixels along the line starting from within the PHB-rich island and ending 
in the PLA-rich matrix. Starting in the region with a higher concentration of PHB, the 
peaks at 3440 cm
-1
, which correspond to PHB (highlighted in blue in Figure 5.6(b)) are 
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large and decrease in regions extending into the PLA-rich region. The peak at 3502cm
-1
, 
which corresponds to PLA (highlighted in red in Figure 5.6(b)), starts very small and 
becomes progressively larger along the line. The peak signal for the PHB band is 0.06 
AU and the noise is 0.01 AU; thus, the SNR of raw synchrotron PHB-PLA data in the 
PHB band is approximately 6. The changes in the peaks highlighted in the spectra are 
very subtle, due to the very small absorbance of the overtone modes; however, each of 
the single pixel spectra is of satisfactory quality to reveal the specific chemical signatures 
of each of the components of this blend.  Thus the transition from PHB to PLA across the 
interface of the island is clearly demonstrated in the individual spectra. To compare 
synchrotron-based to thermal-based hyperspectral data sets, the corresponding stacks of 
spectra along the black line in figure 5.6(a) and 5.6(d) are shown in figures 5.6(b) and 
5.6(e) respectively. The thermal based chemical images are noisy; the island in the center 
of the PHB integrated image is not as resolved as in the synchrotron-based image, and it 
can hardly be distinguished from the matrix due to the low SNR. The case is the same for 
the PLA-specific image. 
In Figure 5.6(e), the stack of spectra is extremely noisy, and therefore the PLA 
peaks are not distinct from the thermal-based noise and cannot be identified. A similar 
situation is observed for the PHB peaks. The PHB peak signal is 0.10 AU, and the noise 
peak-to-peak value in the PHB band is 0.13 AU, (quite large compared to the noise in the 
synchrotron data), with an SNR of approximately 0.77. An SNR of less than 1 means that 
the noise peaks are in fact larger than the signal near the PHB band. This very low SNR 
is, not surprisingly, directly correlated to the lack of chemical definition in these chemical 
images. 
104 
 
 
 
Figure 5.6. Raw chemical FTIR integrated images and spectra of the PHB/PLA (50:50 wt.%) 
polymer blend film measured in IRENI. 
a: PHB-specific synchrotron FTIR image (top), PLA-specific synchrotron FTIR image (bottom) of a 
PHB/PLA (50:50 wt.%) blend film. c: visible image of PHB/PLA. d: PHB-specific Thermal based 
FTIR image (top) and PLA-specific Thermal based FTIR image (bottom) of a PHB/PLA (50:50 
wt.%) polymer blend film. (b and e): stack of spectra of raw synchrotron and Thermal based data 
along the black line shown on (a) and (d) respectively. 
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B) Deconvolution of Synchrotron and Lab-Based Imaging of 
Weakly Absorbing, High Frequency (Overtone) Absorption 
Bands 
5.3.1.2. Deconvolved synchrotron and thermal based images and spectra 
As mentioned previously, all measurements are affected by instrumental blurring; 
in this case the origin of this blurring is diffraction effects arising from the finite NA of 
the objective. The deconvolution method demonstrated previously and applied in this 
work effectively removes the instrumental blurring from the images by directly 
deconvoluting the PSF to obtain higher quality images and ultimately more faithful 
spectra. Figure 5.7(a) shows the results of applying the PSF deconvolution to the 
measured synchrotron-based PHB/PLA (50:50 wt.%) polymer data. Comparing the 
images in Figure 5.7(a) with the images in Figure 5.6(a), the improvements are obvious.  
The instrumental blurring has been removed to a significant extent, the contrast is 
enhanced, and the edges in the PLA and the PHB integrated images are much more 
visible than in the raw images shown in Figure 5.6. The variations and phase separation 
of PHB and PLA appear more strongly in the deconvoluted images. Although at first 
glance the deconvoluted images have an almost mottled appearance that could be 
interpreted as computational artifact, the rapidly varying features in the images are 
actually representative of features that are unresolved in the original data.  We 
demonstrate this in Figure 5.7, which shows close-up comparisons of original and 
deconvoluted images.  Upon close inspection (in Figure 5.7(a), for example), one can 
observe that the sharp features arising following deconvolution are actually visible (but 
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highly blurred) in the original data.  Thus, these small features are representative of 
individual microdomains of PHB and PLA crystallites and become distinguishable due to 
the spatial resolution enhancement.  Figure 5.7(b) shows a stack of transmission spectra 
extracted from positions along the black line shown in Figure 5.7(a). As in Figure 5.6(b), 
the peak intensities in the stack of spectra vary spatially with the phase separation 
between the PHB and the PLA components. The spectra before and after deconvolution 
look similar, indicating that the deconvolution method has maintained the important 
characteristics of the data. Some significant changes can be observed, however: first, the 
decay of the PHB peak is more abrupt in the deconvoluted data. The PHB peak signal is 
0.09 AU and the peak-to-peak noise near the PHB band is 0.01 AU; therefore, the SNR 
of the deconvoluted synchrotron PHB-PLA polymer blend films’ data is 9.  This indicates 
a substantial improvement in the SNR (a factor of 1.5) following deconvolution.  
We applied deconvolution in the same way to the analogous thermal-based 
hyperspectral cube collected for the PHB/PLA (50:50 wt.%) polymer blend and the 
resulting images are shown in Figure 5.7(c). The improvement in this case is marginal 
due to the high level of noise in the original data.  The blur has somewhat decreased, the 
contrast appears enhanced, and the separation between the two phases of the blend is 
clearer than in the original chemical images from the same data set.  It is important to 
note that the application of the low-pass filter has the effect of smoothing noise; thus, 
since there is a large degree of noise in the original data, it is difficult to tell in the 
deconvoluted data which features truly represent the polymer crystallites and which 
features could arise from smoothed noise (unlike the case of the synchrotron data, where 
the SNR was sufficient to attribute each feature in the deconvoluted data to real features 
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in the original data).   Here the PHB peak signal is 0.14 AU and the peak-to-peak noise 
near the PHB band is 0.09 AU; the approximate SNR is then 1.56. The SNR has 
increased by a factor of 2 by applying the deconvolution method compared to the raw 
thermal source data.  This also suggests that an SNR of 0.77 for the raw data is not 
sufficient for the deconvolution algorithm to recover the images with a desired SNR of at 
least 3 to provide us with more specific details of the images.  The PHB peaks at the 
wavenumber 3440cm
-1
 have been lost in noise, and the changes in peaks, which indicate 
phase separation, are not visible. The data indicate that with such a low SNR, the 
deconvolution method used here is not capable of reconstructing the true images of the 
sample, as the smoothing of noise features obscure the data.  
Typically, one requires both spatial oversampling and high SNR to gain 
something from a Fourier Filtering approach to deconvolution. In sum, the point here is 
that the spatial resolution and image contrast, and ultimately the spectral quality are all 
improved by implementing the synchrotron based PSF to thermal-based hyperspectral 
data sets. 
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Figure 5.7. Deconvolved chemical FTIR images and spectra of PHB/PLA (50:50 wt.%) polymer 
blend films, measured in IRENI. 
a: deconvolved Synchrotron integrated images of PHB (top) and PLA (bottom). c: deconvolved 
Thermal based integrated images of PHB (top) and PLA (bottom). (b, d): stack of spectra of 
deconvolved Synchrotron and Thermal based data along the black lines shown on (a) and (c) 
respectively. 
 
5.3.1.3. Line profiles 
 
Vertical line profiles extracted from chemical images, depicting distance (µm) vs. 
integration intensity (AU) for the raw and the deconvoluted absorbance data are 
calculated and shown in Figure 5.8.  Each point in the profile is calculated by averaging 
the pixels along the normal to the line segment determined on the image. The lines from 
which these profiles have been obtained are shown by white vertical dashed lines on the 
PHB-specific and the PLA-specific images in Figures 5.6(a), 5.6(d), 5.7(a) and 5.8(c).  
The solid lines in Figure 5.8 are line profiles of the raw data, while the dashed lines are 
the line profiles of the deconvoluted data. The line profiles of the synchrotron data are 
109 
 
 
shown in Figure 5.8(a). The line profiles of the deconvoluted data show more contrast 
than the raw data due to larger maxima and smaller local peaks, and show comparatively 
larger SNR. The main gradients present in the raw data are present in the deconvoluted 
data as well, which show that the deconvolution method has preserved the important 
characteristics of the data.  
The line profiles of the thermal based PHB/PLA (50:50 wt.%) polymer blend film 
images, are shown in Figure 5.8(b). The line profiles of both the raw (solid line) and the 
deconvoluted (dashed line) thermal based data are noisy. However, the fluctuations due 
to noise are less in the deconvoluted data. Furthermore, the line profiles show the effect 
of processing, since they have larger maxima and minima at the boundaries. This 
indicates that after the deconvolution process, boundaries can be identified more 
precisely. This might be important for the samples where transition from one phase to the 
other is not clear enough, but is necessary to identify [3]. 
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Figure 5.8. Vertical line scans of PHB/PLA (50:50 wt.%) polymer blend films’ FTIR images. 
Raw measurements (thick solid lines) and deconvolved data (dashed lines). a: Line profiles of 
synchrotron data. b: Line profiles of thermal based data. 
 
C) Comparison of Strongly Absorbing, Low Frequency 
fundamental absorption Bands to Weakly Absorbing, High 
Frequency (Overtone) Absorption Bands: Employing Ratios. 
 
5.3.1.4. Ratio Images 
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In the case of PCL/PHB polymer blends, PCL:PHB absorbance ratio images were 
calculated to clearly visualize the phase separation and eliminate the effect of sample 
thickness variations. Ratioed chemical images of raw and deconvoluted synchrotron 
PCL/PHB and raw and deconvoluted thermal source-based PCL/PHB, are shown in 
Figures 5.9(a), 5.9(b), 5.9(c), and 5.9(d), respectively, with the visible image of the 
sample shown in 5.9(e). The ρ(CH2) absorption of PHB (980cm
-1
) and δ(CH2) vibrational 
mode of PCL (1473cm
-1
) were used in this case to calculate PHB and PCL-specific 
chemical images. Here the fundamentals were used to see the effect of band strength (and 
as a result the SNR) on the performance of the deconvolution method. Comparing Figure 
5.9(a) with Figure 5.9(b), it is clear that the blur is reduced in Figure 5.9(b) by applying 
deconvolution, and spatially-resolved transitions from PCL to PHB is much clearer than 
in the raw PCL/PHB ratio images of blend.  
       Comparing the deconvoluted thermal source-based PCL/PHB specific ratio image of 
PHB/PCL blend with the original raw data set, the instrumental broadening has been 
significantly reduced, and PCL-rich regions appear clearer. Importantly, the performance 
of deconvolution on the thermal source-based PCL/PHB ratio image is much more 
accurate than on the PHB- and PLA-specific chemical images in Figure 5.6(d). This is 
due to the much stronger absorption strength of the fundamental PHB-PCL bands used to 
obtain the ratioed images. A low frequency (fundamental), strongly absorbing band was 
used for the PCL/PHB blend, whereas a high frequency weakly absorbing band was used 
for PHB-PLA blend. The data indicate that the deconvolution method performs 
effectively for the strong fundamental absorbance bands used for analysis of the 
PCL/PHB blend; this is the reason why the deconvoluted thermal source-based 
112 
 
 
PCL/PHB-specific ratio image correlates more closely to the deconvoluted synchrotron 
PCL/PHB ratio image, as compared to the analogous set of PHB/PLA-specific images.  
 We demonstrate these observations by showing spectra extracted from the 
original and deconvoluted chemical images. On each of the images in Figures 5.9(a)-(d), 
two 2×2 pixels regions of interest are indicated by small black boxes; one in a red (high 
absorbing) region and one in a blue (low absorbing) region. The spectra averaged from 
the 4 pixels comprising the respective regions of interest from the synchrotron PCL/PHB 
ratio images are shown in Figure 5.9(f), with the two relevant spectral ranges shown for 
clarity. The raw PCL peak signal of the synchrotron PCL/PHB ratio images for average 
spectra from the blue region is 0.165 AU and the noise is 0.02 AU; thus, the SNR will be 
8.25 before deconvolution. After deconvolution these values are 0.165 AU and 0.015 AU 
respectively, which results in an SNR of 11, showing that the deconvolution algorithm 
increased the SNR. 
Figure 5.9(g) shows the analogous average spectra from the regions of interest 
shown on the thermal source based PCL/PHB ratio images. The presence of substantial 
noise in the average spectra of the thermal source based-data is clear in both the raw and 
deconvoluted data compared to the spectra from the same region of the synchrotron-
based data. Before deconvolution the PCL peak signal is 0.19 AU and the peak-to-peak 
noise is 0.028 AU, corresponding to an SNR of 6.78. After deconvolution the PCL peak 
signal is 0.19 and the peak-to-peak noise is 0.025; the SNR will be 7.6 using low 
absorbance (blue) region average spectra. Due to the higher SNR in the raw thermal 
source based data in this case, the application of deconvolution is more effective than the 
case of the weakly absorbing bands (i.e., the PHB/PLA overtone modes) imaged with the 
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thermal source. Thus, collecting images with sufficient SNR is a critical prerequisite to 
successfully applying deconvolution to enhance the spatial resolution of measured data.   
 
Figure 5.9. Band ratio FTIR images, and average spectra of regions of interest indicated on images 
(a-d). 
a-b: raw and deconvolved synchrotron PCL/PHB band ratio FTIR images respectively. c-d: raw and 
deconvolved thermal based PCL/PHB band ratio FTIR images respectively. e: visible image of PHB-
PCL. f: average spectra of the regions of interest shown on  raw and deconvolved synchrotron 
PCL/PHB band ratio FTIR images. g: average spectra of regions of interest shown on raw and 
deconvolved  thermal based PCL/PHB band ratio FTIR images. Red and blue traces show average 
spectra of high absorbance and low absorbance regions of interest of 2x2 pixels respectively. The 
dashed lines in the spectra show the spectra of the deconvolved data. (In average spectra of the range 
3600-2800𝐜𝐦−𝟏, the top three traces are plotted with offset of 0.2, 0.4 and 0.6 from bottom to top 
respectively. In average spectra of the range 2000-900𝐜𝐦−𝟏, the top three average spectra are plotted 
with offset of 0.5, 1 and 1.5 from bottom to top respectively.) 
 
Figure 5.10 shows a comparison of all raw images evaluated in this paper with 
their deconvolved forms. Here the bottom left 32µm portion of the images in Figures 5.6-
5.9 are chosen to show the details better. The details in these images show the ability of 
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the deconvolution method to recover the original images with higher spatial resolution 
contrast. 
 
Figure 5.10. Original (first and third column) and deconvolved (second and forth column) specific 
and ratio FT-IR images of PHB-PLA (50:50 wt.%) and  PHB-PCL (50:50 wt.%)  polymer blend 
films; zoomed in to show the changes precisely.  
a-b: Synchrotron and thermal based PHB specific images of PHB-PLA respectively. c-d: 
Synchrotron and thermal based PLA specific images of PHB-PLA respectively. e-f: Synchrotron and 
thermal based PCL/PHB ratio images of PHB-PCL respectively 
 
We quantify this effect in Figure 5.11, which shows a plot of the SNRs vs. peak-
to-peak noise for the synchrotron and thermal source based PCL/PHB and PHB-PLA. For 
additional trends, the results from applying the deconvolution algorithm for Polystyrene 
beads (PS beads) are included. Different SNR values at different strength bands of the PS 
beads were calculated to cover a wider range of noise vs SNR parameters in the plot.  
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The synchrotron-based data are shown in blue, and the thermal-based data are 
shown in red. The SNR of the raw data is indicated with a circle and the deconvolved 
data with a square.  Several trends can be observed: first, the synchrotron-based results 
(blue) are primarily localized to the low noise region of the graph, while the thermal-
based results populate the higher noise region. In all cases, the deconvoluted data have a 
larger SNR compared to the raw data. For the data sets with an SNR of less than 3, the 
improvement of the SNR by the deconvolution is very small. Interestingly, the data that 
starts with high SNR improves mostly in signal strength (and therefore better contrast), 
with small improvements in noise. The vertical trends on the left side of the graph 
support this interpretation. For data that starts with low SNR, applying deconvolution 
improves mostly the noise and only slightly improves the signal, due to the larger 
measurement uncertainty of the localization of the absorption. The horizontal trends on 
the right side of the graph support this interpretation. The data populating the bottom left-
hand corner of the graph (collected from both sources) represent low noise data with 
intermediate SNR values. Applying deconvolution to these data sets improves both the 
signal and noise as denoted by the diagonal trends on the graph.  
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Figure 5.11. Comparisons of the SNRs of synchrotron and blackbody source data 
(PHB-PLA __ ) a: weak absorbance overtone PHB, b: weak absorbance overtone PLA, c: strong 
absorbance fundamental PHB, d: strong absorbance fundamental PLA, (PCL/PHB ……) e: weak 
absorbance overtone PHB. (Polystyrene bead __ . __ . __ ). 
 
One of the steps of the deconvolution method applies a low-pass filter to the data, 
and effectively suppresses high frequency noise.  We considered the potential impact that 
this step could have on the resulting data.  In order to verify that the conclusions 
presented here are in fact attributable to the deconvolution step, and not simply to the 
application of the filter, we applied this low-pass filter to our data without deconvoluting 
the PSF to compare to the original and deconvoluted data sets.  In Figures 5.12-5.16 we 
include figures showing the results from high-frequency noise filtering without 
deconvolution for direct comparison with the results presented above. It is apparent in 
these images that the spectral noise is expectedly reduced, resulting in improved SNR 
compared to the raw data; however, this noise filtering does not increase the spatial 
resolution and contrast in the images and the SNR of spectra.  Thus, our observation of 
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enhanced SNR in the deconvoluted data sets arises from both the application of the low-
pass filter (which suppresses noise) and deconvolution of the PSF (which locally 
enhances signal in absorbing regions of the sample). 
 
 
Figure 5.12. Raw chemical FTIR integrated images and spectra of the PHB-PLA (50:50 wt.%) 
polymer blend film measured in IRENI. 
a: PHB-specific synchrotron FTIR image (top), PLA-specific synchrotron FTIR image (bottom) of a 
PHB-PLA (50:50 wt.%) blend film. c: visible image of PHB-PLA. d: PHB-specific Thermal based 
FTIR image (top) and PLA-specific thermal based FTIR image (bottom) of a PHB-PLA (50:50 wt.%) 
polymer blend film. (b and e): stack of spectra of raw synchrotron and thermal based data along the 
black line shown on (a) and (d) respectively. 
 
For the raw Synchrotron PHB-PLA data in Figure 5.12(b), the peak signal for the 
PHB band is 0.06 AU and the noise peak-to-peak value is 0.01 AU, thus the SNR is 
approximately 6. 
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For the raw thermal based PHB-PLA data Figure 5.12(e), the PHB peak signal is 
0.10 AU, and the noise peak-to-peak value in the PHB band is 0.13 AU. The SNR will be 
approximately 0.77. 
 
 
Figure 5.13. Noise filtered chemical FTIR images and spectra of PHB-PLA (50:50 wt.%) polymer 
blend films, measured in IRENI. 
a: Noise filtered synchrotron integrated images of PHB (top) and PLA (bottom). c: Noise filtered 
thermal based integrated images of PHB (top) and PLA (bottom). (b, d): stack of spectra of Noise 
filtered synchrotron and thermal based data along the black lines shown on (a) and (c) respectively. 
 
For the noise filtered synchrotron PHB-PLA data, the peak signal of the PHB 
band is 0.08 AU and the noise is 0.01 AU, thus the SNR of this data in the PHB band is 
approximately 8. 
For the noise filtered thermal based PHB-PLA data, the PHB peak signal is 0.04 AU, and 
the noise peak-to-peak value in the PHB band is 0.03 AU. The SNR will be 
approximately 1.33. 
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Figure 5.14. Vertical line scans of PHB-PLA (50:50 wt.%) polymer blend films’ FTIR images. 
Raw measurements (thick solid lines) and noise filtered data (dashed lines). a: Line profiles of 
synchrotron data. b: Line profiles of thermal based data. 
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Figure 5.15. Band ratio FTIR images, and average spectra of regions of interest indicated on images 
(a-d). 
(a-b): raw and noise filtered synchrotron PCL/PHB band ratio FTIR images respectively. (c-d): raw 
and noise filtered thermal based PCL/PHB band ratio FTIR images respectively. e: visible image of 
PHB-PCL. f: average spectra of the regions of interest shown on  raw and noise filtered synchrotron 
PCL/PHB band ratio FTIR images. g: average spectra of regions of interest shown on raw and noise 
filtered thermal based PCL/PHB band ratio FTIR images. Red and blue traces show the average 
spectra of high absorbance and low absorbance regions of interest of 2x2 pixels respectively. The 
dashed lines in the spectra show the spectra of the noise filtered data. (In average spectra of the 
range 3600-2800𝐜𝐦−𝟏, the top three traces are plotted with offset of 0, 0.2, 0 and 0.4 from bottom to 
top respectively. In average spectra of the range 2000-900𝐜𝐦−𝟏, the top three average spectra are 
plotted with offset of 0, 0.5, 1 and 1.5 from bottom to top respectively.) 
 
The PCL peak signal of the raw synchrotron PCL/PHB ratio images considering 
blue region spectra is 0.165 AU and the peak-to-peak noise is 0.02 AU; thus, the SNR 
will be 8.25. After noise filtering these values are 0.16 AU and 0.018 AU respectively, 
which results in an SNR of 8.9. 
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For the raw thermal based PCL/PHB data, the PCL peak signal is 0.19 AU and 
the peak-to-peak noise is 0.028 AU, which provides an SNR of 6.78. After noise filtering, 
the PCL peak signal is 0.17 and the peak-to-peak noise is 0.024; the SNR will be 7.08 
using low absorbance (blue) region average spectra. 
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Figure 5.16. Original (first and forth row), noise filtered (second and fifth row), deconvolved (third 
and sixth) specific and ratio FT-IR images of PHB-PLA (50:50 wt.%) and  PHB-PCL (50:50 wt.%)  
Polymer blend films; zoomed in to show the changes precisely. 
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a-b: Synchrotron and thermal based PHB specific images of PHB-PLA respectively. c-d: 
Synchrotron and thermal based PLA specific images of PHB-PLA respectively. e-f: Synchrotron and 
thermal based PCL/PHB ratio images of PHB-PCL respectively. 
 
5.3.2 3D IR imaging of PHB-PLA mixed polymer 
5.3.2.1 3D Reconstruction of the synchrotron-based PHB-PLA data 
Figure 5.17 shows renderings of the morphology of PHB-PLA mixed polymer 
film. The yellow color shows PLA, the pink shows the PHB voxels, and the orange 
shows the voxels where both PHB and PLA are present. The PHB regions are islands in 
red within the yellow matrices of PLA [47].  This morphology is in accordance with the 
2D projections seen earlier. Figure 5.18 shows cross sections of the model in different 
directions. 
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Figure 5.17. 3D Reconstruction of synchrotron-based PHB- PLA mixed polymer. 
a: rendering, and visualization of each of the single components b: PHB and c: PLA, d: voxels with 
both PHB and PLA. e: the histogram of the reconstructed PHB (top) and PLA (bottom) before 
thresholding. 
 
 
 
 
 
a 
b 
c 
e 
d 
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Figure 5.18. Longitude and surface cross section of synchrotron-based PHB-PLA film. 
 
Although Figures 5.17 and 5.18 show the components of the voxels precisely, 
they do not show which component dominates each voxel where both voxels exist 
(orange voxels). In 2D analysis of mixed polymers, intensities were used to quantify the 
presence of each component at each pixel. Here, the same idea was employed to show the 
amount of the components. Single reconstructions of PHB and PLA components were 
sliced approximately at the same positions, and the amount of each component at certain 
locations was analyzed. Slicing is done via cutting through the sample by a plane with y 
axis constant, and only including one voxel thick; this should not be mistaken with 2D 
projections where the sum of intensities through a specific angle is calculated. By slicing 
at different depths of the sample we obtain different distributions of PHB and PLA. 
Figure 5.19 shows the slices at different depths of the PHB-PLA film. It can be observed 
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that the high intensity voxels of the PHB are mainly in the center of the slice where we 
observed island in our 2D analysis, while the high intensity voxels of the PLA are 
concentrated around the PHB voxels called matrix. This is in accordance with the 
morphology of single components of the mixed polymer in Figure 5.20. Figure 5.20 
shows PHB and PLA reconstructed models respectively. It can be seen that the PHB 
component is mostly concentrated in the center, while the PLA is mostly distributed in 
the matrix around PHB with some overlaps with PHB. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5.19. Longitudinal slices of PHB-PLA reconstructions. 
a-c: integrated across PHB peak, d-f: PLA peak, at z respectively 70, 75, 80μm. 
a 
b 
c 
d 
e 
f 
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Figure 5.20. Reconstructions of PHB-PLA sample. 
Integrated across a: PHB peak, b: PLA peak. 
The average spectrum was calculated in three steps: 
1. The tomographic reconstructions were calculated in all wavenumbers.  
2. The 3D reconstruction was carried out integrating approximately over all 
wavenumbers (only excluding some wavenumbers at the beginning and the end of 
the spectrum to exclude the noisy data) to obtain the chemigram. The chemigram 
was employed as a mask to eliminate the voxels around the model. In fact the 
chemigram was converted to a mask by considering threshold intensity.  The 
voxels with intensities higher than the threshold were considered as 1, and the 
voxels with intensities lower than the threshold were considered as zeroes. The 
mask was applied to the model voxels. 
3. The spectra of the selected voxels were calculated from the reconstructions at all 
wavenumbers, and the average of them was calculated.  
a b 
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Figure 5.21. Average spectrum of the reconstructed volume of PHB-PLA. 
The average spectrum of the voxels in Figure 5.21 is faithful compared to the average 
spectra of the 2D projections, and justifies that the reconstruction results are promising.  
5.3.2.2 3D Reconstruction of the thermal-based PHB-PLA data 
Figure 5.22 shows the visible and the section image of one of the thermal-based PHB-
PLA projections.  
  
 
 
 
 
 
Figure 5.22. Thermal-based PHB-PLA. 
a:  visible and b: section image of the 2D projection 
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The thermal-based data is reconstructed by parallel beam and cone beam reconstruction 
algorithms. 
 
a) Parallel beam Reconstruction  
The baseline correction and integration ranges for the thermal-based data are the 
same as the synchrotron-based data. Figure 5.23 shows the renderings of parallel beam 
reconstruction of the thermal data. The renderings match the visible image and the 
parallel beam reconstructions of the synchrotron based data. The PHB rich island is 
mostly in the center of the polymer film, and is surrounded by the PLA matrix. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5.23. Thermal-based PHB-PLA tomographic (parallel beam) reconstruction. 
a:  rendering, and b-c: cross section 
 
a 
b 
c 
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To better visualize each of the components of the PHB-PLA mixed polymer, the 
PHB, PLA and voxels which contain both are shown in Figure 5.24 separately. These 
renderings help to see the regions inside the film which are covered by other layers. 
Specifically, the regions where both PHB and PLA exist are visualized much better in 
these renderings.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5.24. Thermal-based PHB-PLA tomographic parallel beam reconstruction. 
a-b:  renderings of a: only PHB voxels, b: only PLA voxels, c: voxels with both PHB and PLA. 
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The average spectra of the rendered voxels in the three renderings of Figure 5.24 were 
calculated and shown in Figure 5.25. The standard PHB and PLA spectra are also shown 
on the same plot for comparison. To better compare the peaks of the average spectra of 
the voxels with the standard spectra, close ups of the peaks were shown in the range 
1500-3200cm
-1
. It can be seen that the PHB peaks are aligned with the standard PHB 
peaks perfectly. The PLA peaks from the average spectrum of the voxels also match the 
PLA peaks of the standard spectrum, but since it is not as narrow as the PHB peak it is 
more difficult to compare it with the standard peak. 
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Figure 5.25. a: Average spectrum of different components of thermal based PHB-PLA. 
b: close up of the wavenumber range 1500-3200cm
-1 
b) Cone beam reconstruction 
  
 
 
 The cone beam reconstruction of the PHB-PLA sample was carried out, and the 
results were shown in Figure 5.26. The voxels where there is only PLA are shown with 
yellow, the voxels where there are only PHB voxels are shown with pink, and the voxels 
where there are both PHB and PLA are shown in orange. The mixed polymer film has a 
slight cone shape compared to the renderings in Figure 5.23, and the regions of the 
components have changed in the cone beam reconstruction, and do not match the visible 
images and the synchrotron based data parallel reconstructions. The single PHB and PLA 
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components and where both voxels exist are shown in Figure 5.27 individually. This can 
be due to the sample being larger than the measure we calculated in Chapter 3. The 
sample is approximately 140µm long in width, while the measure allowed us 121.94µm 
diameter of a sample.  
 
 
 
 
 
 
Figure 5.26. Thermal-based PHB-PLA tomographic cone beam reconstruction. 
renderings of a: front, b: cross section 
 
 
 
 
 
 
 
 
 
Figure 5.27. Thermal-based PHB-PLA tomographic cone beam reconstruction. 
renderings of a: only PHB voxels, b: only PLA voxels, c: both PHB and PLA voxels. 
a b 
c 
a b 
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5.3.3 3D IR imaging of PHB-PCL mixed polymer 
5.3.3.1. 3D Reconstruction of the synchrotron-based PHB-PCL data 
The same ranges as the 2D analysis were employed to reconstruct the PHB-PCL 
model. Parallel beam reconstruction was employed to obtain the models in Figure 5.28. 
The pink voxels show PHB, blue voxels show PCL, and purple voxels show where both 
PHB and PCL voxels exist. 
The single components are shown in Figure 5.29. The renderings in Figure 5.28 
and 5.30 do not exactly represent the features in the PHB-PCL visible image in Figure 
5.3. In the 2D analysis of the PHB-PCL polymer blend films, ratio images (PCL/PHB) 
were calculated to characterize and correlate the corresponding regions of the PHB and 
PCL with the visible image. Therefore, the same strategy needs to be implemented in 3D 
FTIR imaging of the PHB-PCL to enable us to find the same structures. The idea is to use 
color scales for the ratio images to associate the high intensity voxels with the component 
in the numerator. One of the problems with obtaining the ratio images for the 3D images 
compared to the 2D images is that the intensities are much smaller after the tomographic 
reconstruction than the intensities we are working in the 2D imaging; this leads to very 
large numbers after the division for some voxels. Also, there are many zeros in the 
intensities, which lead in infinite numbers. To avoid the latter, the ratio intensity of any 
voxels with zero intensity in the numerator or denominator was set equal to zero. 
Different strategies for calculating the ratio images were tested such as normalizing the 
single PHB and PCL reconstructed components (except the zero voxels), and then 
calculating the ratio of them. Some of the slices after these calculations are shown in 
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Figure 5.32. After visualizing the color scaled PCL/PHB, different slices of it were 
rendered and shown in Figure 5.32. Although, due to data manipulation after the 
reconstructions to eliminate the zero by zero division, the ratio images are not as subtle as 
the 2D ratio images, it can be seen that on the left side of the polymer film that mostly 
PHB should exist, the PCL/PHB color scaled rendering shows very small intensity 
(purple color), and higher intensities around it. 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5.28. Synchrotron-based PHB-PCL tomographic parallel beam reconstruction. 
a: rendering and b: cross section 
The pink voxels show PHB, blue voxels show PCL, and purple voxels show where both PHB and 
PCL are present. 
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Figure 5.29. Single component renderings of the synchrotron-based PHB-PCL tomographic (parallel 
beam) reconstruction. 
a: PHB, b: PCL, and c: rendering of the voxles where both PHB and PCL exist. 
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5.3.3.2 3D Reconstruction of the thermal-based PHB-PCL data 
 
a) Parallel beam reconstruction 
 
 
 
 
 
 
 
 
Figure 5.30. Thermal-based PHB-PCL tomographic (parallel beam) reconstruction. 
a:  rendering and b: cross sections. 
The pink voxels show PHB, blue voxels show PCL, and purple voxels show where both PHB and 
PCL are present. 
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Figure 5.31. Single component renderings of the thermal-based PHB-PCL tomographic (parallel 
beam) reconstruction. 
a: PHB, b: PCL, and c: rendering of the voxels where both PHB and PCL exist. 
 
The ratio image PCL/PHB was calculated to see the same observable features in the 
visible image. As the color scale in Figure 5.32 (f) shows, purple represents the lowest 
intensities and red represents the highest intensity voxels. Figure 5.32 (a-e) show 
renderings of slices of the thermal based PCL/PHB. The high intensities show the regions 
where mostly PCL exists. 
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Figure 5.32. a-e: renderings of PCL/PHB slices. f:color scale  g: histogram of the PCL/PHB. 
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b) cone beam reconstruction 
The PHB-PCL projection data was reconstructed by the cone beam method, 
and the results after applying the chemigram mask and a rectangular mask are 
shown in Figure 5.33.  
 
 
 
 
 
 
 
 
 
 
Figure 5.33. Thermal-based PHB-PCL tomographic (cone beam) reconstruction 
a-b:  rendering and cross section. The pink voxels show PHB, blue voxels show PCL, and purple 
voxels show voxels where both PHB and PCL are present. 
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Figure 5.34. Single component renderings of the thermal-based PHB-PCL tomographic (cone beam) 
reconstruction. 
a: PHB, b: PCL, and c: rendering of the voxels where both PHB and PCL exist. 
 
The reconstructed model does not match the synchrotron and thermal based data 
reconstructions by parallel beam method. Since the outputs from parallel beam method 
match with the visible image, the cone beam results of the PHB-PCL will not be used in 
the rest of our analysis. The distance between the far most points in the projections was 
measured 179.71µm. This is much larger than the twice of the optics measure 
𝐷𝑆𝑂 sin (Γ𝑚)  that was calculated for our system 60.97µm. 
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5.4. Deconvolution on 3D micro-spectro- tomographic mixed polymers 
5.4.1. Synchrotron based PHB-PLA  
The same deconvolution program which was applied to the PS bead data was 
applied to the mixed polymers. The renderings and cross sections of the PHB-PLA mixed 
polymer are shown in Figure 5.35. Comparing Figure 5.35 with Figure 5.17 and 5.18 the 
contrast has been more enhanced. Another, observed difference is that the orange voxels 
which show the voxels where both PHB and PLA exist have become fewer. This shows 
that the blur, which caused the single components not to be distinguished easily, has been 
decreased. Figure 5.36 shows renderings of the single PHB and PLA components (Figure 
5.36(a)-(b)) as well as the voxels which contain both PHB and PLA (Figure 5.36(c)). 
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Figure 5.35. a-c: renderings, d,e: cross sections of the deconvolved synchrotron based PHB-PLA. 
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Figure 5.36. Renderings of the deconvolved synchrotron based PHB-PLA. 
a: only PHB voxels, b: only PLA voxels, c: voxels with both PHB and PLA. 
5.4.2. Thermal based PHB-PLA 
The deconvolution was also performed on the thermal based PHB-PLA. As a 
result, deblurring the images reveals more features than the raw thermal based PHB-PLA 
as can be seen in Figure 5.37 and 5.38. Moreover, less noise voxels are found in the 
renderings of the deconvolved thermal based PHB-PLA, which is an indication of 
increase in the SNR of the data. It was demonstrated that the 3D reconstructions of the 
thermal based deconvolved 2D mixed polymer data is qualitatively equivalent to the raw 
synchrotron based mixed polymer data. 
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Figure 5.37. a-c: renderings, d,e: cross sections of the deconvolved thermal based PHB-PLA 
 
 
 
 
 
 
Figure 5.38. Renderings of the deconvolved thermal based PHB-PLA. 
a: only PHB voxels, b: only PLA voxels, c: voxels with both PHB and PLA. 
 
The average spectra of each of the three components shown in Figure 5.38 were 
calculated, and shown in Figure 5.39 (a). The dashed spectra show the standard spectra 
for comparison. The peaks of the spectra match the peaks of the standard spectra of PHB 
(in red) and PLA (in green). The spectra show that the restoration of the data by the 
deconvolution is faithful. A close up of the spectra is shown in Figure 5.39 (b) for an 
easier comparison. 
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Figure 5.39. a: Average spectra of different components of deconvolved thermal based PHB-PLA. 
b: close up of the wavenumber range 1500-3200cm
-1 
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5.4.3. Synchrotron based PHB-PCL 
The renderings of the reconstructions of synchrotron based PHB-PCL data, 
although show the overall structure of the sample, the small structures are not clear 
enough, and need more processing. Performing deconvolution on this data can reveal 
more about the morphology of the sample. The renderings of the reconstruction of 
deconvolved projections are shown in Figure 5.40. Separate renderings of PHB, PCL and 
the voxels where both PHB and PCL exist are shown in Figure 5.41(b)-(d). Compared to 
the renderings of the tomographic reconstructions of the raw data, the instrumental 
broadening has been significantly reduced, and both PHB and PCL-rich regions appear 
clearer.  
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5.40. Deconvolved synchrotron based PHB-PCL a: visible image, b: renderings, c: cross 
section 
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Figure 5.41. Deconvolved synchrotron based PHB-PCL 
a: visible image, renderings b: only PHB voxels, c: only PCL voxels, d: voxels with both PHB and 
PCL. 
5.4.4. Thermal based PHB-PCL 
The reconstructions of the thermal based PHB-PCL in Figures 5.30 and 5.31 
could not reveal the separability of the PHB and PCL components well. These are weaker 
absorbers, and this limits the SNR required to get reasonable reconstructions. It is 
interesting to see the effect of deconvolution on the 3D reconstruction of this sample, as 
we saw on the 2D images of this sample. Figure 5.42 and 5.43 show each of the 
components of the mixed polymer clearly. It can be seen that the left side of the PCL 
looks hollow; the reason is that most of the voxels in that region were very low intensity 
voxels that if visualized would also visualize many noise voxels in the reconstructed 
a b 
c d 
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sample. Therefore, they were omitted by setting the proper threshold. The deconvolution 
was capable of removing the blur from the projections resulting in clearer voxels of the 
polymers. Figure 5.43 shows each of the components (a and b) and the voxels which 
contain both PHB and PCL (c). It can be seen that Figure 5.43 (c) shows more number of 
voxels compared to the similar rendering of the synchrotron based data in Figure 5.41 (c). 
This indicates that the deconvolution works more effectively on the synchrotron based 
data due to its higher SNR, and identify the individual components’ voxels better. 
 
 
 
 
 
 
 
 
 
 
Figure 5.42. Deconvolved thermal based PHB-PCL. 
a: renderings and, b: cross section 
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Figure 5.43. Renderings of the thermal based deconvolved PHB-PCL 
a: only PHB voxels, b: only PCL voxels, c: voxels with both PHB and PCL. 
5.5. Conclusion 
In this chapter, in the 2D analysis, hyperspectral data from phase-separated 
PHB/PLA and PHB/PCL (50:50 wt.%) polymer blend films were evaluated from 
synchrotron and thermal source-based measurements for the purpose of comparing the 
effect of PSF deconvolution on datasets from the two different sources, with different 
degrees of SNR values. Raw images from synchrotron-based measurements were 
expectedly better resolved and of higher quality than the corresponding thermal source-
based images, and we demonstrated that these qualities have significant implications for 
the effect of deconvolution on the data.  In images with sufficient SNR, higher quality 
a 
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images and spectra resulted, which significantly improved the discernibility of the phase-
separation and overall evaluation of the morphology and distribution of the respective 
phases. The samples presented here demonstrated the capabilities and limitations of the 
implemented deconvolution method. Typically, one requires both spatial oversampling 
and high SNR to successfully implement and benefit from deconvolution. The spatial 
resolution and image contrast, and ultimately the spectral quality are all improved by 
deconvoluting the synchrotron-based PSF from thermal source-based hyperspectral data 
sets provided that one has a reasonable starting SNR.   
Deconvolution of synchrotron-based high SNR data with weak absorption bands 
(SNR=6 before deconvolution and 9 after) and thermal source based strong absorption 
bands (SNR=6.78 before deconvolution and 7.6 after), improved the contrast of images, 
and spectra, but was more effective for synchrotron data than thermal source based data. 
In contrast, applying deconvolution to thermal source-based low SNR data with weak 
absorption bands (SNR=0.77 before deconvolution and 1.56 after it), could not recover 
sufficient quality images and spectra.  It was also found that the improvement in the SNR 
of the synchrotron based data by deconvolution arose primarily from enhanced signal in 
absorbing regions of the sample with less contribution from noise-reduction since the 
noise in these data is inherently low. In the case of the thermal source data, the 
improvement in the SNR arose due to both suppression of noise and enhancement of 
signal peak values.  
 
In 3D analysis, the morphology of the PHB-PLA was investigated by 
reconstructing the PLA and PHB specific models, and visualizing them together. The 
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cross sections of the model let us better see the structure of the sample. The parallel beam 
and cone beam reconstructions of the thermal based data justified that the parallel beam 
reconstruction algorithm is successful in revealing the morphology of the sample, and the 
cone beam is unable to to reconstruct the sample correctly the large diameter of the 
sample compared to the diameter calculated as a measure.  Another reason could be that 
the cone beam was not modeled powerful enough compared to model the complicated 
optics of our imaging system.  To obtain an understanding of the morphology of the 
PHB-PCL sample are useful. The cone beam reconstruction of the PHB-PCL sample was 
not also successful in reconstructing the sample due to the mentioned reasons for the 
PHB-PLA sample. The deconvolution on both PHB-PLA and PHB-PCL increased the 
contrast of the single components in each of the mixed polymers; specifically, the 
deconvolution could enhance the contrast of PHB-PCL which was dominated by noise 
and reveal the morphology of the components of the mixture very well. 
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6. CHAPTER 6 
SEGMENTATION TECHNIQUES OF FTIR SPECTRO-
MICRO-TOMOGRAPHIC DATA 
6.1. Introduction 
After preprocessing the images by applying deconvolution algorithm and then 
developing algorithms to reconstruct the 3D thermal data, considering its illumination 
specifics, one useful image processing tool is the segmentation technique. This technique 
is developed to localize a specific structure or a region with specific spectroscopic 
characteristics in the 3D images. Sometimes, the spectrum of a specific voxel is desired, 
but because of possible presence of noise it is preferred to evaluate the average spectrum 
in the region with the same chemistry as of the selected voxel. This conveys a similar 
concept of region of interest which is used in 2D chemical imaging concepts [1]. The 
segmentation methods considered in this dissertation differ slightly from what we have 
seen in the segmentation of images. Since our data is hyper spectral, each image requires 
to be considered not only by its intensity of its pixels/voxels, but also with its spectral 
information.  Different methods are implemented which will be explained. 
6.2. Methods 
In the following the implemented methods of spectral segmentation can be found: 
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- Segmentation based on spectral similarity and thresholding: This is carried out by 
choosing a voxel with desired chemical characteristics as a reference, whose spectrum is 
used as the reference spectrum. There can be different methodologies for identifying the 
voxels which are similar to the reference based on the purpose of analysis. In this case, 
after choosing the reference voxel, a distance (radial, or selecting the whole model, etc.) 
from the selected voxel, a similarity measure, and a threshold for similarity are selected.  
The similarity measure is defined as the following relation between the reference 
spectrum and the spectrum of the voxel which is nominated to be tested for inclusion in 
the segment. Here a cosine similarity measure was considered: 
Similarity measure(r, 𝑠𝑖) =
𝑟. 𝑠𝑖
|𝑟||𝑠𝑖|
 
Where r is the reference normalized mass spectrum
1
 generated by dividing the spectrum 
by the maximum of the spectrum. 𝑠𝑖  is the normalized mass spectrum of each data point. 
In fact, the similarity measure is the cosine between the two spectra, and changes from 0 
to 1. Zero refers to the spectra which are orthogonal, and 1 refers to those which are 
identical, after being normalized. The similarity measure for each voxel is compared to 
the threshold and the decision is made whether the voxel belongs to the segment or not 
[48]. The threshold is selected considering to criteria. First is to choose it large enough to 
exclude the noise around the model, and second is to choose it small enough to include 
all of the sample voxels. This is found by running the algorihm and looking at the 
visualized model. 
 
                                                 
1
 Normalized mass spectrum: Each intensity in the spectrum divided by the maximum intensity in the same 
spectrum. 
155 
 
 
- Spectral clustering: This method works by unsupervised clustering subsets of data 
points based on their spectral similarity measure. We determine the number of clusters, 
and by applying algorithms such as k-means clustering the data can be clustered into 
different groups [48].  
Each voxel has a spectrum which is associated with a similarity measure. Therefore, we 
can assume that each voxel is represented by a similarity measure, and the similarity 
measures are going to be clustered into k clusters. Kmeans clustering minimizes the sums 
of point-to-cluster-centroid spectral distances for all clusters. The distance is actually the 
similarity measure in this type of clustering.   
The kmeans clustering in matlab is capable of doing 2D clustering, whereas we need 
kmens clustering for the reconstructed voxels of our 3D sample. 3D kmeans clustering is 
done by modifying the inputs of 2D kmeans clustering of Matlab. Here are the steps 
performed in the algorithm: 
 3D tomographic reconstruction of the 2D projections at all wavenumbers, 
 Calculate the chemigram for the 3D rendered object, and adjust the threshold to 
include all of the voxels which represent the reconstructed sample, 
 Save the coordinates of the voxels in the chemigram after thresholding, 
 Read the coordinates by the code, and generating an array of their corresponding 
spectra [Java script modified by Nick Walter]. A 2D array will be generated; one 
dimension corresponds to the voxels which will be clustered, and one dimension 
corresponds to the spectrum (variables) of each voxel, 
 Kmeans clustering is run on the generated array, and the group number 
corresponding to each of the voxles will be generated, 
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 Write the indices in separate volume models for each cluster to visualize each of 
the clusters separately. 
 Map the indices to the 3D positions of the voxels, 
 Finally, the average spectrum of each of the clusters are  calculated, 
 And the clusters are visualized in Chimera. 
- Spectral classification based on Principal Component Analysis (PCA): This is an 
unsupervised classification method. The classification algorithm assigns class 
membership to each of the voxels based on spectral characteristics [49] [50].  
A combination of FT-IR Spectroscopy and PCA is used to provide a powerful method for 
obtaining information on the components of the mixed polymers. This technique has 
already been used in spectroscopy for many different applications such as investigating 
chemical variations between wood species [51], identifying minerals [52], identifying the 
main sources of variation in the FTIR spectra of different wine styles [53]. It has also 
been used in new bio applications such as biochemical characterization of plasma [54]. In 
most of the previous works, the correlation between the vibration peaks in the spectra and 
the chemical images is not presented. Using IRENI we are also able to present both 
chemical images and spectra, and after calculating the principal components of the 
voxels’ spectra we are able to identify the components associated with the single 
polymers in the mixed polymer sample. The identified component (loading) can be used 
to form and visualize the image from the corresponding scores, and investigate the 
distribution of each of the single components within the mixed polymer. This can be also 
known as a spectral segmentation. It should be noted that this method was implemented 
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and the interpretation of the results was nontrivial. Further investigations will be carried 
out, and the results will be published in the futute. 
6.3. Results 
6.3.1. Segmentation based on spectral similarity and thresholding 
As seen earlier, the 2D projections after the reconstruction will generate a 3D 
128×128×128 voxel model.  The segmentation algorithm based on spectral thresholding 
is run on the PS bead data to distinguish the voxels of the bead itself from all of the 
reconstructed voxels. To do this one after visualization of the PS bead, the model was cut 
as indicated in Figure 6.1. The volume eraser tool of Chimera was employed to erase all 
voxels except few voxels. The remained voxels in the model were saved as a new model, 
imported into Matlab. The coordinates of the few voxels which had nonzero intensity 
were found and their corresponding spectra were read by the segmentation program as 
the reference spectrum. Before using it as the seed spectrum, it was assured that the 
spectrum of the selected seed existed in the spectra folder. The coordinate of the selected 
seed is [53, 56, 62], and the threshold was set to 0.8. Larger thresholds would result in 
missing voxels of the bead, and smaller threshold would include many noisy voxels 
around the bead.  
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Figure 6.1. Rendering of the cut PS bead to select the seed. 
The renderings of the segmented PS bead are shown in Figure 6.2. The objective 
of the segmentation here is determining the average spectrum of the PS bead, and trying 
to exclude the voxels around the bead which do not correspond to the bead. For this 
purpose the bead has been found well, and the spectra can be investigated after this. 
 
 
 
 
 
 
Figure 6.2. Renderings of the segmented region of the synchrotron based PS bead 
 
Figure 6.3 shows the average spectrum of the segment (Blue spectrum), and the 
spectrum of the seed voxel (green). For enabling the comparison of both spectra on the 
same plot, the average spectrum was multiplied by 50 to make the average spectrum of 
the clustered voxels the same range of the reference spectrum. The average spectrum has 
the same features as the seed. It has also fulfilled the requirement of calculating the 
average spectrum, which is eliminating the effects of noise from a single voxel. All of the 
peaks seen in the spectrum of the seed can be seen in the average spectrum. There is a 
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peak in the seed spectrum at around 2200cm
-1
 which does not exist in the average 
spectrum; this is due to the multiple internal reflections. There is also another peak at 
around 1500cm
-1
 which is very small, and is not seen clearly. The residue of the average 
spectrum and the seed has been shown in red; its mean has been deducted from the 
residue to shift it to zero. At most wavenumbers the noise is seen, and at the same peaks 
of the seed and the average spectrum we can see the difference in absorbance. Therefore, 
the segmentation based on thresholding of the spectral similarity has been able to 
generate a reasonable set of voxels and calculate the corresponding voxels’ average 
spectrum. 
 
Figure 6.3. Average spectrum of the segmented region of the synchrotron based PS bead. 
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It is worth mentioning that selecting a seed which is not close to the edge of the 
bead is important since this prevents the single spectrum of the bead from being 
dominated by scattering.  
6.3.2. Spectral clustering by kmeans  
In this part, results of the spectral segmentation by means of kmeans clustering on 
PHB-PLA are demonstrated employing Euclidean distance as the similarity measure. 
Kmeans clustering can find the clusters in a multiple component sample such as the PHB-
PLA. This can be compared to integrated images over a peak range to obtain a single 
rendering of the specific component; but it has the advantage of using the information 
from whole spectrum range for finding the components’ voxels.  Figure 6.4 shows the 
average spectrum of the PHB and PLA rich regions to indicate the peaks of each of the 
components. Also, Figure 6.5 shows the average spectrum of the whole chemigram with 
296937 active voxels. These will be used to investigate the accuracy of the average 
spectrum of the single spectra of the clusters.   
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Figure 6.4. PHB and PLA standard average spectra. 
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Figure 6.5. Average spectrum of the synchrotron based PHB-PLA chemigram. 
 
Using Euclidean spectral distance as the similarity measure, the clusters were identified 
as indicated in Figure 6.6. The spectral distances were used since the components can be 
found by investigating how similar the spectra are in each cluster. Two clusters were 
identified since the mixed polymer has two components, and we are looking for the 
average spectrum of each of those components. The renderings of each of the clusters are 
seen in this figure. In PLA rendering, the regions related to the PHB island is missing 
which is in accordance with the morphology of this sample known by the visible image. 
The PHB rendering also contains the PHB region, but due to the largeness of the 
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chemigram, it is showing many other voxels which are not included in the PLA 
rendering, but spectrally are closer to the PHB. 
 
 
 
 
 
 
 
 
 
Figure 6.6. Renderings of the segmented regions of the synchrotron based PHB-PLA. 
a: PLA voxels, b: PHB voxels 
 
The average spectra of each of the clusters are shown in Figure 6.7. The red spectrum 
shows the PHB and the spectrum in green shows PLA average spectrum. The peak on 
PLA spectrum is at 1770cm
-1
 peak, and there is a minima at 1759cm
-1
 which is in 
accordance with the characterization of the PHB and PLA standards (references) in 
Figure 6.7 (b). Moreover, the peak on PHB in red is at 1747cm
-1
 and matches the PHB 
standard spectrum. The rest of the peaks in Figure 6.7 exactly match the standard spectra 
of PHB and PLA plotted in Figure 6.7 (b). Close ups of the residual spectra are also 
shown in Figure 6.7 (c); it can be seen that the peaks in the residues are aligned with the 
single spectra of the PHB and PLA. The kmeans clustering has been capable of finding 
the average spectra of the single polymers and all of the corresponding peaks. Since in 
clustering, each of the voxels can be clustered to only one cluster, it might be possible 
that the voxels that are mixture of both components have been identified as only PLA or 
PHB.  
a b 
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Figure 6.7. a: Average spectra of the segmented regions, PHB and PLA 
b: Average spectra of the clustered and standard spectra of PHB and PLA 
c: close up of Average spectra of the clustered, standard spectra of PHB and PLA and their residues.  
 
The average spectrum of the clustered PLA in Figure 6.7 (a) shows scattering; this 
can be due to the large size of the chemigram, and high number of voxels which should 
exist in the neither PHB nor PLA, but have been anyway clustered in PLA. Therefore, a 
baseline correction might help to distinguish the peaks and consequently the components 
more precisely. It was of a high interest to see the baseline correction in the range 2800-
3070cm
-1
 to eliminate the effects of the baseline and seek for any distinguished peaks in 
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that range. To do this, after importing the spectra, the baseline was subtracted from each 
of the voxel spectra, and then fed into the kmeans clustering. The peaks on the PHB 
specific spectrum at the reference spectrum is at 2993cm
-1
, and the peak on the PHB 
cluster is at 2993cm
-1
. The PLA peaks at the reference spectrum and the PLA cluster 
average spectrum are at 2997cm
-1
 and 3001cm
-1
 respectively. Therefore, the PHB voxels 
have been identified precisely in this range, and the PLA voxels have been properly 
selected. The advantage of using a range of the spectrum for the kmenas clustering is 
requiring less memory. The amount of the time required for both is quite the same since 
when working with part of the spectra we also did baseline correction to which some 
portion of the computation time was dedicated. 
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Figure 6.8. Average spectrum of the PHB and PLA segments. from a:  reference in Figure 
6.4, b: clusters 
In the spectral thresholding and spectral kmeans clustering implementations, the 
number of the spectra was reduced from 2097152 to 57777 (57777×778 compared to 
2097152×778 double numbers) for the PS bead sample, and 2097152 to 296937 
(296937×778 compared to 2097152×778 double numbers) for the PHB-PLA sample to 
require less memory as well as a faster segmentation algorithm.   This preprocessing was 
carried out by defining specific masks (spherical mask for the PS bead, and chemigram 
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mask for the PHB-PLA) for the samples, and keeping only the voxels inside the masks 
and their corresponding spectra. Specifically, this was significant for the kmeans 
clustering since the input to the clustering is the whole set of spectra of the voxels in one 
array, whereas in thresholding since the spectral measures were compared to a threshold, 
the spectra of the voxels could be read by the program one by one, and the decision 
would be made for that one voxel; then, the program would proceed to the next voxel 
spectrum. Also, pre-allocation of memory to the whole spectra data set in the kmeans 
clustering was another significant approach to a higher speed program. The two 
implemented techniques provide us with more reliable average spectra of the sample 
components by using the whole spectra, compared to the average spectra of the 
reconstructed data using the integration ranges (part of the spectra).  
6.4. Conclusion 
In this chapter, different types of spectral segmentation for our tomographic data 
were implemented, and evaluated for different samples. Spectral thresholding employing 
cosine spectral distance as the similarity measure was used for calculating the average 
spectrum of the voxels which were 80% similar to the seed. The calculated average 
spectrum matched the seed spectrum in terms of the peaks, and the renderings showed the 
bead itself. Kmeans clustering using 2 clusters was employed for calculating the average 
spectra of the PHB and PLA components. The average spectra of the two found clusters 
were compared to the reference spectra of PHB and PLA, and it was found that kmeans 
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clustering was capable of correctly finding the two components and the corresponding 
average spectra.  
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7. Chapter 7 
CONCLUSIONS, AND FUTURE WORKS 
7.1. Conclusions 
In this study we took advantage of nondestructive FTIR micro-spectro-
tomographic imaging. In various areas of research finding the chemical morphology and 
characteristics of the sample is desired. This could be achieved through the rich spectral 
information provided by FTIR scpectroscopy and the tomographic setup at IRENI. 
The tomographic experiments were carried out on centered and offcenter PS 
beads as well as PHB-PLA and PHB-PCL mixed polymers employing synchrotron and 
thermal light sources. 
Initially, the depth of focus of the tomographic imaging system was found by 
running experiments, and collecting 2D images at different heights from the focal point. 
It was found that the sample height can be up to 35µm to be reconstructed properly. This 
can be used as a measure for the reliability of the regions within the tomographic 
reconstruction whose morphology are to be found.  
The 2D projections of the PS bead phantom were analyzed and validated by 
studying the spectra of them. The absorption bands were found, and the morphology of 
the sample was found by reconstructing the sample employing the obtained absorption 
bands and parallel beam reconstruction for both synchrotron and thermal based data. The 
cone beam system parameters were found considering the Numerical Aperture of the 
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Schwarzchild objective for the half angle of the cone beam. The morphology of the 
thermal data was found also using the cone beam reconstruction. The parallel beam 
reconstruction renderings of the centered and off-center synchrotron and thermal based 
PS beads were faithful, and the renderings of the cone beam reconstructions of the 
centered thermal based PS bead showed correct morphology of the bead too.   
To better evaluate the performance of the cone beam reconstruction algorithm on 
different types of samples, and study its reliability for various forms of samples another 
configuration of the PS bead sample was employed. Two ~50µm diameter PS beads were 
inserted on a hook off the center, and the tomographic reconstruction of the 2D 
projections were obtained using both parallel and cone beam algorithm. The results 
revealed that the cone beam algorithm added some artifacts to the reconstructions. The 
morphology found by cone beam reconstruction of the thermal based offcenter PS beads 
showed that one of the beads was not spherical which did not match the visible images. 
This could be due to the size of the sample (distance between the far most parts of the 
two beads), being very close to the limiting distance that the cone beam could be applied; 
also, the model designed for the cone beam does not take into account all the parameters 
of the optical system.  
The offcenter reconstructed PS beads appear full using any of the parallel and 
cone beam reconstruction types, but the synchrotron based reconstructed centered PS 
bead shows a hollow structure. The reason for seeing the latter hollow could be the 
constructive and destructive interference of the light when the centered PS bead is exactly 
in focus. This problem does not exist for the offcenter beads since the two beads are not 
exactly in focus. 
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Deconvolution of the wavelength dependent PSFs were performed on the 2D 
projections, and parallel beam reconstruction of them could once more show the effect of 
the deconvolution on improvement of the SNR of the thermal based data compared to the 
raw thermal based data. 
 In chapter 5, we studied synchrotron and thermal based 2D and 3D images of 
PHB-PLA and PHB-PCL mixed polymers. The 2D study of the samples revealed that the 
difference in the quality between the synchrotron and thermal based data significantly 
affected the discernibility of the phase-separation and overall evaluation of the 
morphology and distribution of the respective phases. It was concluded that we required 
both spatial oversampling and high SNR to successfully implement and benefit from 
deconvolution. It was also found that the improvement in the SNR of the synchrotron 
based data by deconvolution arose primarily from enhanced signal in absorbing regions 
of the sample with less contribution from noise-reduction since the noise in these data is 
inherently low. In the case of the thermal source data, the improvement in the SNR arose 
due to both suppression of noise and enhancement of signal peak values. In our 3D data 
analysis, the deconvolution on both PHB-PLA and PHB-PCL increased the contrast of 
the single components in each of the mixed polymers; specifically, the deconvolution 
could enhance the contrast of PHB-PCL which was dominated by noise and reveal the 
morphology of the components of the mixture very well. 
Our data took advantage of FTIR Spectrocopy where the average spectrum was 
used to characterize the sample. In Chapter 6, different methods of calculating the 
average spectrum of voxels within regions of interest in the tomographic reconstructed 
data were investigated. Supervised thresholding the spectral similarity measure for single 
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component samples was found useful, and the average spectrum matched the seed 
average spectrum being improved by showing less noise. The unsupervised method of 
Kmeans clustering was also implemented to find the two clusters, and calculate the 
average spectra of the two components of the mixed polymers. The spectra matched the 
reference spectra very well. The renderings of the clustered models were studied to 
correspond each of the average spectra to the correct rendering and identify the 
component.  
7.2. Future work 
Tomographic FTIR Spectroscopy is a new broad area for revealing the 
distribution of the chemistry in a sample. Different challenges existing in this dissertation 
open broad areas of research for the future. Some are listed below:  
 The optics of the system can be parameterized more precisely to develop a new cone 
beam reconstruction rather than employing merely the Schwarzchild objective 
information and employing the FDK algorithm.  
 Various techniques were utilized in different softwares. Computation and analysis of 
the data required us to move between the mentioned softwares which is time 
consuming and needs a perfect data management. Designing a single environment 
where all the processes can be performed would be very helpful. 
 Working with hyperspectral data adds to the complexity of the implementations, 
required memory, and the processing time. Tomographic reconstructions in certain 
bands, running spectral programs to calculate the spectrum of each of the 
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reconstructed voxels, reading calculated spectra to obtain the average spectrum are all 
among the computationally expensive tasks. Parallel programming can be utilized to 
reduce the computation time.  
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